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ABSTRACT

Between the 1965 immigration law and 1990, Asian

immigration to the U.S. increased tenfold to a quarter of a

million annually. The 1990 U.S. Census showed a count of 6.9

million Asians--which made Asians the third largest minority

in the U.S. next only to Blacks and Hispanics. Yet despite

these figures Americans surprisingly know very little about

Asian Americans or the fact that Asian Americans vary widely

in their characteristics according to their cultural origins

and when they arrived in the U.S.

This dissertation is a collection of studies whose

primary focus is on the labor market experiences of Asian

immigrants in the U.S. although several other topics are also

evident in the many chapters of this dissertation. Except for

three chapters, all of the chapters in this dissertation

relied heavily on statistical analysis of the 1980 microdata

files for Hawaii of the U.S. Census. Hawaii is chosen as the

setting of most of the studies because Hawaii's multiethnic

society and well-defined single labor market provide an

excellent opportunity for studying the labor market

experiences of Asian immigrants in the U.S.

The most important finding of the research in this

dissertation is that pertaining to the assimilation experience

of male and female immigrants in the U.S. labor market. The

initial conclusion of Chiswick and supported by the empirical
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results of many others is that immigrants' advantages of

greater ability and motivation (from self-selection) are more

than sufficient to offset the disadvantages of less than

perfect international transferability of knowledge and skills

so that the earnings of immigrants "overtake" the earnings of

(comparable) natives after 10-15 years in the U.S.

Using an alternative (cross-section) specification, this

dissertation finds that the regression model used in cross

section studies to study the process by which foreign-born

workers assimilate into the U.S. labor market has the effect

of grossly overestimating the earnings growth of immigrants

relative to natives. The empirical evidence· from the

alternative specification indicate that the overtaking point

takes place much later in the life cycle than the point

predicted by earlier studies.
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CHAPTER 1

INTRODUCTION

1.1 overview of the Dissertation

This dissertation is a collection of studies whose

primary focus is on the labor market experiences of Asian

immigrants in the u.s. labor market although several other

topics are also evident in the many chapters of this

dissertation. The introduction first addresses the

importance of studying the labor market experiences of Asian

immigrants and then presents a summary of the studies.

1.2 The Rationale for the Dissertation

Between the 1965 immigration law and 1990, Asian

immigration to the u.s. increased tenfold to a quarter of a

million annually. The 1990 U.S. Census showed a count of 6.9

million Asians--which made Asians the third largest minority

in the u.s. next only to Blacks and Hispanics.

The political influence of Asians has increased in

recent years owing in part to their positive impact as

students and workers (except refugees) and their large

concentration in a few geographic locations (notably

California). In many ways, the growth of Asians--with their

diverse background of cultures and traditions--has enriched

the cultural landscape of the country at the same time that

the immigrants are absorbed and integrated into mainstream

American culture. However, the ongoing integration process
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of Asians has also generated a number of economic issues:

What are the economic contributions of Asian immigrants to

the u.s. economy? How has the U.S. labor market adjusted to

the increased influx of Asian immigrants?

Because Asian groups entering the U.S. have widely

diverse characteristics, they provide an excellent

opportunity for examining the operation of the u.s. labor

market, the factors that influence the assimilation and

acculaturation process of immigrants, the impact immigration

has on the job opportunities of Whites and other minorities,

the effects of language fluency on the labor market outcomes

of immigrants, the role of ethnicity and nationality in

determining labor market success, the problems that

immigrants women encounter in the u.s. labor market and the

role discrimination plays in restricting the opportunities

of immigrants.

An extensive investigation of these economic issues

increases the possibility of finding explanations for some

labor market phenomena that are unique to Asians. Majority

of Koreans, for example, are found in "self-employment" and

small business activities while Filipinos are mostly found

in salaried jobs. What is the explanation for this

phenomenon? Why do Filipinos have very low incomes relative

to other Asian groups? Why are many Asian Americans

overeducated for the occupations they hold? Why do Koreans
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invest more in the acquisition of English language skills

than Filipinos?

This dissertation seeks to examine many of the above

issues within a larger context and from a variety of

perspectives. The chapters in this dissertation make use of

various economic and statistical techniques to make

comparisons between the labor market adjustment of Whites

and Asian immigrants and between different Asian groups.

Despite the wide range of research and policy analysis

undertaken by studies on the labor market experiences of

immigrants in the U.S., most of the available studies do not

attempt to refine the methodologies that are used to analyze

the economic progress of immigrants. The procedure followed

in many of these studies is to use "old" methodologies on

alternative data and thus, producing results that offer

little in terms of new insights and explanations. In

comparison, the studies in this dissertation go very much

further in that they develop alternative methodologies for

examining many of the above issues. Some of the results of

these alternative methodologies are strikingly different

from the findings of earlier studies but they offer a wealth

of new information on the labor market experiences of

immigrants in the U.S.

Except for three chapters, all of the chapters in this

dissertation relied heavily on statistical analysis of the

1980 microdata files for Hawaii of the U.S. Census. The
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choice of Hawaii is appropriate for this dissertation

because Hawaii's well-defined single labor market and

multiethnic society provides an excellent setting for

studying the labor market experiences of Asian immigrants in

the U.S. In addition, Hawaii provides an excellent

opportunity for determining whether labor market success

vary significantly across Whites and non-Whites and across

Asian groups in a multiethnic setting where the potential

for discrimination appears to be minimized.

1.3 The organization of the Dissertation

This dissertation can be categorized into five major

parts: Asian immigration history and policy (chapter 2);

the economic impact of immigration (chapters 3, 7, 8 and

10); language, discrimination and the labor market outcomes

of women (chapters 9, 11, 12 and 15); alternative

methodologies (chapter 6); and statistical inference in

regression models (chapters 4, 5, 13 and 14).

1.3.1 Asian Immigration History and Policy

The sections in chapter 2 give a brief history of u.s.

immigration policy and a brief history of Asian immigration

to the U.s. Some focus is given to the 1990 U.S. Immigration

Law and its impact on the future of Asian immigration to the

u.S.
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1.3.2 The Economic Impact of Immigration

The studies that have been classified under this

heading examine the effects of assimilation and

acculturation on the labor market outcomes of Asian

immigrants. The findings of chapters 3 and 8 are especially

important because they negate the widely accepted empirical

result that immigrants do extremely well in the u.s. labor

market.

The studies in chapters 3 and 8 reexamine the

assimilation experience of male and female immigrants in the

u.s. labor market. The initial conclusion of chiswick

(1978a) and supported by the empirical results of many

others is that immigrants' advantages of greater ability and

motivation (from self-selection) are more than sufficient to

offset the disadvantages of less than perfect international

transferability of knowledge and skills so that the earnings

of immigrants "overtake" the earnings of (comparable)

natives after 10-15 years in the u.s.

Using an alternative (cross-section) specification and

Hawaiian data, the analyses in chapters 3 and 8 demonstrate

that the regression model used in cross-section studies to

study the process by which foreign-born workers assimilate

into the u.s. labor market has the effect of grossly

overestimating the earnings growth of the foreign-born

relative to the earnings of the native-born. The empirical

evidence from the alternative specification indicate that
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the overtaking point takes place much later in the life

cycle than the point predicted by earlier studies.

The patterns of investments in u.s. schooling of Korean

and Filipino immigrants are examined in chapter 7. The

results of the analyses suggest that investments in u.s.

schooling are important components of the process by which

Korean and Filipino immigrants readapt their skills in the

U.S. labor market.

The study in chapter 10 examines the earnings and

occupational attainment of Ilocano immigrants in Hawaii.

The results of the analysis suggest that the poor

performance of Ilocano immigrants in Hawaii can be

attributed to their pre-immigration backgrounds in the

Ilocos. The study finds that a great majority of Ilocano

immigrants in Hawaii were either unemployed or were employed

in low-skilled occupations related to farm work [in the

Ilocos] when they left for the U.S.

1.3.3 Language, Discrimination and the Labor Market outcomes

of Women

The studies under this category investigates the

effects of language fluency and discrimination on the labor

market outcomes of Asian women in Hawaii. The study in

chapter 12 is particularly interesting because it introduces

a new method for constructing a model of occupational

attainment.
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The effects of English language ability on the earnings

attainment of female immigrants in Hawaii are analyzed in

chapter 9. The results of the analysis support the

conclusion of previous studies that English language ability

has a significant effect on the earnings of immigrants.

The study in chapter 11 analyzed the determinants of

earnings and occupational attainment of Hawaii-born men. The

results showed that Caucasian women did not earn

significantly more than the women from other ethnic groups.

This finding is important because it indicates that it is

possible for non-White groups to attain equality with Whites

in a multiethnic society.

The analysis in chapter 12 indicate that a strong

reason why non-White immigrant women in Hawaii are

disadvantaged occupationally vis-a-vis White immigrants is

that their education and experience do not have as much of

an effect on occupational attainment compared to the

education and experience of White immigrants. The analysis

also indicates that the combination of being White and being

fluent in the English language have very strong effects on

the occupational outcomes of non-White immigrants. The

"projections" reveal that if non-White immigrants possessed

the joint qualities of being White and being fluent in the

English language then their occupational distributions would

closely approximate that of the White immigrants.
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The study in chapter 15 examines the determinants of

post-migration investment in language training of Filipino

and Korean immigrants. The findings indicate that

investment in dominant language skills can be viewed as part

of the process of efficient readaptation of the immigrant's

pre-migration human capital.

1.3.4 Alternative Methodologies

The essay in chapter 6 examines the use and limitations

of the MUltiple Classification Analysis (MCA)--a regression

method that is widely used in sociological research. The

findings indicate that the MCA cannot be used in non-linear

models.

To correct for the shortcomings of the MCA, a new

method called the Micro-Based Classification Analysis (MBCA)

is introduced. The MBCA is a technique which measures the

change in the dependent variable due to a change in one or

more of the independent variables in linear and non-linear

regression models by measuring the change for each sample

point and then summing or averaging the changes for all the

sample points. The MBCA is especially appropriate for

inherently non-linear models where the change in the

dependent variable due to a change in one or more of the

independent variables cannot be measured at one point, say,

the means of the independent variables, because the change

is not constant from point to point.
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1.3.5 statistical Inference in Regression Models

The essays under this topic discuss the uses and

limitations of statistical inference in regression models.

The essay in chapter 4 has important implications for

studies that use the multinomial logit model but who chose

to ignore the effects of independent variables whose

coefficients are not significantly different from zero in

the "log odds" equations. The essay demonstrates that the

strategy adopted by these studies is risky because it is

possible for independent variables to have a significant

effect on the choice probabilities even if their

coefficients are not significantly different from zero in

the "log odds" equations.

Chapter 5 examines the practice of many researchers of

evaluating a regression model at the means of the

independent variables and then using the results of such a

procedure to make inferences about how changes in the

independent variables affect the dependent variable. The

analysis finds that the above procedure cannot be used

successfully in all types of models, especially non-linear

regression models, because the "behavior" of the average

respondent is not always an adequate representation of the

"behavior" of all the respondents in the sample.

The essay in chapter 13 discusses the general issue of

pooling of cross-section data and the use of t-tests, F

tests and Chow tests in hypothesis testing. Examples are
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also presented to illustrate the most common mistakes

associated with "pooling". The essay argues that the results

of t-tests, F-tests and Chow tests cannot be used as an

effective criteria for "pooling" if these tests are not

employed within the framework of theory and prior empirical

evidence.

The essay in chapter 14 reviews the practice of many

researchers of using the point of the means of the variables

to evaluate elasticities. The study concludes that such a

practice is inappropriate if the "point elasticities" that

are derived from the model vary considerably from point to

point because the use of only one point may not give an

accurate picture of the true effects of the different

variables across the whole sample.

1.4 An Agenda for Future Research

The research in this dissertation indicates that

immigrants have not performed as well as what past research

suggests. This result has a number of implications for the

debate that has been going on for more than a century: How

many immigrants, of what kinds, should the u.s. admit each

year? The possibilities for future research are immense in

that this result affects almost anything that pertains to

the immigration issue: the economic contribution of

immigrants, the size and "quality" of immigration, the

effects of immigration on the labor market opportunities of
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natives, the effectiveness of current immigration policies,

and so on. Immediate attention should be given to these

issues in view of the findings of this dissertation.
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CHAPTER 2

ASIAN IMMIGRATION TO THE UNITED STATES

2.1 Brief History of U.S. Immigration Policy

Until the 1870s there were no legal restrictions on

u.s. immigration. However, in 1875, minimal restrictions

on foreign-born entry to the u.s. were established.

Prostitutes and convicts were banned from entering the u.s.

In 1882, the u.s. Congress passed the Chinese Exclusions

Act, which essentially banned the immigration of Chinese

laborers into the u.s. Subsequent immigration restrictions

led to the creation of the Asiatic Barred Zone in 1917 which

effectively prohibited all Asian immigration to the U.s.

Furthermore, increasing political pressure by American

labor and "nativist" organizations against immigration

stimulated both the passage of a law in 1917 establishing a

literacy test for immigrants, and the National origin Quota

System.

The National Origin Quota System comprised a series of

three acts passed in 1921, 1924 and 1929, respectively.

Under the terms of the first two acts, immigrant quotas were

established related to a fixed percentage of the number of

foreign-born residents in the u.s. in a designated base

year. The third act established quotas that were based on

the national origins of the total American population in

1920. The result of these acts was that 82 percent of the

world quota was allocated to Northern and Western Europe, 14
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percent to Southern and Eastern Europe and the small

residual were left to the rest of the world. The size of

the world quota in 1929 was 153,714, compared to 358,000 in

1921 and 164,667 in 1924 (Bennett 1963).

The Immigration and Nationality Act of 1952, better

known as the McCarran-Walter Act, retained the national

quota system but allowed citizenship to be granted to Asian

immigrants. Prior to 1952, Asians were formally barred from

professional jobs and public employment. However, despite

the modest provisions of the 1952 Act, it was only with the

implementation of the 1965 Immigration Act that an overt

policy of racial and national discrimination was eliminated.

The 1965 Immigration and Naturalization Act categorized

immigrants to the u.S. into two types: those who are subject

to the numerical limitation of 20,000 persons per year from

one country or to the worldwide quota of 270,000 immigrants

per year, and those who are exempt from these numerical

limitations. The latter category, those exempt from

numerical limitations, consists mainly of immediate

relatives of U.S. citizens (spouses, children under 21 years

of age and parents). Immigrants who are sUbject to numerical

limitations are admitted under a system designed to give

preference to family members of persons already in the u.s.

and workers with skills needed in the u.S. The categories

that constitute the preference system for immigrants sUbject

to numerical limitations are the following: (1) unmarried
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adult children of u.s. citizens; (2) spouses and unmarried

adult children of lawful permanent residents; (3)

professionals and artists and their spouses and children;

(4) married children of u.s. citizens; (5) adult brothers

and sisters of U.S. citizens; and (6) needed skilled or

unskilled workers (Martin and Houston 1982).

U.S. immigration law as it affected Asians remained

basically unchanged from 1965 to 1990. One exception was

the Refugee Law of 1980, which was enacted to facilitate the

entry of Indochinese refugees. Under this legislation,

numbers of refugees to be accepted are set annually and not

tied to numerical limits set by other immigration

legislation. l

In 1990 a new immigration law was passed by the U.S.

Congress. The new law still classifies immigrants into two

broad categories: the numerically limited category and the

numerically exempt category. The immigrants who constitute

the latter category are no different from that established

in the 1965 law. However, the category that is subject to

numerical limitations has been expanded into three

categories: family-sponsored; employment-based; and

beginning in 1995, a diversity category which sets aside

55,000 visas for countries which have not sent large numbers

IAnother law was passed in 1986 to deal mainly with the problems of
illegal immigration. However, this legislation (known as the Immigration
Reform and Control Act) did not have a substantial effect on Asian
immigration because relatively few Asians were in the U.S. illegally
(Gardner 1992).
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of immigrants to the u.s. The family-sponsored category is

not much different from the family-related preference

categories of the 1965 law. The makeup of the employment

category, however, is somewhat different and provides for a

greater percentage of the total than what was true under the

1965 law (Gardner 1992).

The 1990 law instituted an overall cap on worldwide

immigration. For each of the fiscal years of 1992-1994,

700,000 visas will be available after which the number

reduces to 675,000. Furthermore, between the fiscal years

1992-1994, 465,000 visas are reserved for family-based

immigration; and starting in fiscal year 1995, 480,000

family-based visas will be reserved. In each year, the

number of immigrant visas available for the (numerically

limited) family preference immigration will be computed by

SUbtracting from the family-based visas the number of

immediate relatives of u.s. citizens admitted in the prior

year or 226,000, whichever is greater (Reams 1991).

The 1990 Act also instituted a limit of 140,000 visas

for employment-based immigration. These limits altogether

should allow a maximum of roughly 25,000 to 26,000

immigrants from one country (Gardner 1992).

2.2 Brief History of Asian Immigration to the u.s.

The history of Asian immigration to the u.s. began

shortly after 1849 when large numbers of Chinese workers
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were recruited to work in California, the beginning of a

large influx touched off by the gold rush. The sUbsequent

rapid growth of Chi~ese immigration caused the passing of

the Chinese Exclusions Act in 1882 which essentially banned

Chinese immigration into the U.S.

The restrictions imposed on Chinese immigration

resulted in the substitution of Japanese workers for

Chinese. The 1900 U.S. Census showed counts of 85,716

Japanese and 118,746 Chinese. The Census counts included

those in Hawaii, which was annexed by the U.S. in 1898

(Gardner, Robey and smith 1985).

Japanese laborers' demand for higher wages and better

working conditions in the early 1900s prompted the

recruitment of several thousand Koreans to work in the

sugar plantations of Hawaii. By 1905, more than 5,000 Korean

immigrants had arrived in Hawaii. Korean immigration to the

U.S. dropped after 1905, when the Korean government adopted

legislation which banned emigration because of concerns

about the plight of previous emigrants to Mexico. Korean

emigration was also restricted after 1910, when Japan

invaded and annexed Korea. Between 1910 and 1924, about

2,000 Koreans came to the U.S., most of whom were picture

brides who came to marry Korean laborers in Hawaii. The

National Origins Act of 1924 severely restricted the influx

of Korean immigrants to the U.S. Thus, for the next twenty

years, only an average of twenty or less Koreans entered the
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U.S. each year. The immigration of Koreans resumed with the

defeat of Japan in World War II in 1945. About 100 Koreans

immigrated to the U.S. between 1946 and 1949. After the

Korean War, several thousand war brides of American citizens

and war orphans came to the U.S. along with a small number

of professional workers. The immigration law of 1965

permitted a rapid increase in Korean immigration to the U.S.

From just over 2,000 in 1965, Korean immigration has grown

to more than 30,000 annually since 1980 (Kim 1974, Kim

1987) .

Filipino immigration to the U.S. began shortly after

the conclusion of the Spanish-American War in 1898 when the

Philippines was ceded to the U.S. by the Treaty of Paris.

Confronted with a shortage of Chinese and Japanese laborers,

sugar plantation owners in Hawaii and California actively

promoted large scale recruiting efforts in the Philippines.

This resulted in the coming of thousands of Filipino

immigrants to the U.S. during the following years. Most of

these early Filipino immigrants were single young males,

with little formal education and little knowledge of the

English language. By 1929 the Filipino population in the

U.S. was estimated at 80,000 (Pido 1986).

The flow of Filipino immigrants during that early

period was facilitated by a U.S. law, that, until 1934

allowed Filipinos to move to the U.S. freely as U.S.

nationals. However, this free entry status ended in 1935
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when the Philippines was granted commonwealth status. As a

consequence Filipino immigration dropped to a trickle in the

next three decades but picked up rapidly after the 1965

immigration law change. From just over 30,000 in 1970,

Filipino immigration has grown to more than 50,000 annually

since 1986.

Asian immigration during the 1920S, the 1930s and the

1940s was very low owing to the passing of strict

immigration laws in the 1920s that was designed in part to

preclude non-White immigration to the u.s. Asian

immigration rose gradually in the 50's after the

implementation of the McCarran-Walter Act, but it was not

until the passage of the 1965 Act, which liberalized u.s.

immigration policy, that Asian immigration really soared.

The 1965 Act, which abolished the national origins quota

system in favor of one giving preference to family members

of persons already in the u.s. and workers with skills

needed in the U.S., facilitated the entry of large numbers

of Asian immigrants (Gardner, Robey and smith 1985) .

The immigration of large numbers of Indochinese

refugees in the aftermath of the u.s. defeat in the vietnam

War further contributed to the growing size of Asian

immigration. In 1975, some 130,000 Indochinese refugees, 95

percent of whom were Vietnamese and the rest mainly

Kampuchean, arrived in the u.s. The number of arrivals

dropped in the next two years but surged again in 1978 as
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the u.s. agreed to accept the entry of thousands of "boat

people" from vietnam and refugees from Laos and Cambodia.

The Ref~lgee Act of 1980 paved the way for the entry of more

Indochinese refugees. By early 1985, Southeast Asian

refugees represented almost a seventh of the Asian American

population in the u.s. (Gordon 1987; Gardner 1992).

The rate of immigration to the u.s. in recent years has

been high for the Philippines, Korea, China, Taiwan, India,

Hong Kong and vietnam. The 1990 U.S. Census figures indicate

that there are now close to seven million Asians in the u.s.

(Gardner 1992).

It is likely that Asian immigration to the u.s. will

experience a moderate increase compared to its current level

in view of the new provisions of the 1990 U.S. law which

allow for a greater number than that provided by the 1965

law. Gardner (1992) predicts that--if present immigration

trends continue--Asian Americans will exceed 10 million in

the year 2000.
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CHAPTER 3

THE EFFECT OF AMERICANIZATION ON EARNINGS:

A REEXAMINATION OF THE METHODOLOGY

3.1 Introduction

Earnings differences between immigrants and natives

has been a subject of great interest to economists in the

last few years. i The work of Chiswick (1978a, 1978b, 1980,

1982, 1984, 1992a) has been very influential in promoting

the "assimilation" hypothesis that immigrants achieve

earnings parity with demographically comparable natives

after some period of time in the u.s. Chiswick's (1978a)

findings summarize the assimilation process of immigrants as

follows: First, the earnings of neWly arrived immigrants

are significantly less than the earnings of the native-born.

Second, the earnings of immigrants increase rapidly as a

result of their accumulation of U.S.-specific human capital.

And third, the earnings of immigrants "overtake" the

earnings of comparable natives after 10 to 15 years in the

U.S. Chiswick postulates that this third result is a

consequence of self-selection, i.e., that immigrants have

more innate ability and more motivation than comparable

natives.

'see, for example, Chiswick (1978a, 1978b, 1979, 1980, 1982, 1983,
1986), Borjas (1985, 1987, 1988, 1990), Fujii and Mak (1983a, 1983b,
1985), stewart and Hyclak (1984), Gabriel and Schmitz (1987), Gabriel
(1991) and Meng (1987).
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Chiswick's (1978a) study was followed by a large

number of studies on male and female immigrants in the U.S. 2

Essentially utilizing chiswick's framework and methodology

but focusing on various specific immigrant groups and

alternative data, the results of these studies generally

support Chiswick's findings that the earnings of immigrants

eventually equal that of the native-born after 10-15 years

in the u. S.3

Borjas (1985, 1987), however, criticizes the empirical

validity of the conclusion that immigrants do extremely well

in the u.s. labor market. Borjas argues that since there is,

in theory, no reason why immigrants would want to accumulate

more human capital than comparable natives then the

explanation for this empirical result must lie in the

presumption that immigrants are in a sense more motivated,

more able and more driven than natives and thus, they

eventually earn more than natives. However, Borjas reasons

that this explanation is superficial since it begs the

question of why persons of excessive drive and motivation

are the only ones who choose to leave their countries and

corne to the u.s. when they could presumably have remained in

their countries and be successful also. Borjas (1990) adds

"See, for example, Carliner (1980), De Freitas (1980), Long (1980),
Borjas (1982), Borjas and Tienda (1985), Gabriel and Schmitz (1987),
Macpherson and Stewart (1989) and Field-Hendrey and Balkan (1991).

3Borjas (1990) notes that the "similarity of the findings among the
many studies led some observers to conclude that perhaps a universal law
was at work".
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that this latter explanation really is a claim that the u.s.

is particularly attractive to highly skilled workers.

However, Borjas questions the validity of such a claim by

asking if it is really true that highly skilled workers

from all source countries find that the u.s. rewards their

skills more than their source countries do. In addition,

Borjas claims that Chiswick's results contradict the vast

historical literature, which concludes that first-generation

immigrants typically experience very little economic

assimilation.

To counter Chiswick's results, Borjas (1985) presented

evidence from the 1970 and 1980 U.S. Census that showed that

the strong assimilation rates measured in cross section

studies may be partly due to a decline in the "quality" of

immigrants admitted to the u.s. in recent years. Borjas, in

effect, argues that the strong positive relationship between

immigrants' earnings and years since migration in cross

section earnings equations is inflated by cross-cohort

differences in immigrant quality.

Borjas (1991) argues also that the post-1970 selection

process into the u.s. which puts greater emphasis on family

reunification has contributed further to the decline in the

quality of immigrants admitted to the u.s. Borjas supports

this argument by presenting results that showed that the

present values of the earnings streams of those who entered

the u.s. in or after 1970 were lower relative to natives



23

than the earnings streams of those entering before 1970.

Because of such findings Borjas concluded that "there was

little likelihood that the most recent immigrant waves would

ever earn substantially more than natives of comparable age

and education."

Borjas' assertion of declining immigrant quality did

not remain unchallenged for long. Chiswick (1986) responded

by specifying alternative tests on data taken from the 1970

and 1980 Census. Chiswick's results showed that the earnings

of recent Asian immigrants experienced a small improvement

relative to those a decade earlier, and that the earnings of

White immigrants (including Hispanics) had changed very

little.

Unfortunately, neither Borjas' technique nor Chiswick's

technique completely resolves the immigrant quality issue

because--as Greenwood and McDowell (1986) argue--both Borjas

aDd Chiswick's approaches to the problem suffer from

methodological difficulties. 4

Bloom and Gunderson (1991) also reviewed this

controversy between Borjas and Chiswick by fitting the

models proposed by Borjas and Chiswick to Canadian data.

Their estimates of Chiswick's model provide evidence of a

small and moderate assimilation effect. However, the wage

4LaLonde and Topel (1991a) find no important evidence that
"quality" has declined wi t h Ln immigrant groups. However, their results
indicate that changes in the source countries of recent immigrants
account for all of the perceived decline in immigrant "quality".
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catch-up is not complete until thirteen to twenty-two years

after entry into Canada. On the other hand, their results

for Borjas' model showed an assimilation effect that is

sufficiently close in magnitude to estimates obtained from

individual cross-sections which led them to conclude that

Borjas' assertion that estimates of the latter type are

"misleading and useless" does not necessarily generalize

beyond the data he analyzed.

Meanwhile, the regression model used by Chiswick in his

original study (1978a) continues to be used by many labor

economists. Chiswick (1992a), Borjas, Bronars and Trejo

(1992), Field-Hendrey and Balkan (1991) and LaLonde and

Topel (1991a, 1991b) are among the latest in a long list of

studies who have utilized Chiswick's methodology to study

the assimilation process of immigrants in the u.s. labor

market. 5

In this study, I reexamine the methodology that is used

to examine the assimilation process of immigrants. I show

that specification error is present in the cross-section

model used by Chiswick and borrowed by many others to

calculate the "assimilation rates" of immigrants in the u.s.

I show also by means of an alternative (cross-section)

specification and data from the Public Use Microdata Samples

for Hawaii of the 1980 U.S. Census that the error in

5The results of these studies are still generally supportive of
Chiswick's findings that the earnings of immigrants overtake the
earnings of comparable natives after 10-15 years in the u.s.
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Chiswick's model has the effect of grossly overestimating

the earnings growth of immigrants relative to (comparable)

natives. 6

The empirical evidence from the alternative

specification indicate that immigrants achieve earnings

parity with comparable natives but at a much later date than

what Chiswick's model predicts.

However, I find that the empirical results generated by

the alternative specification supports Mincer and Ofek's

(1982) hypothesis that the labor market behavior of

immigrants parallels that of new returnees to the labor

market.

Section 3.2 of this study presents the cross-section

regression model used by labor economists to study the

assimilation experience of foreign-born workers in the u.S.

labor market. Section 3.3 identifies the error in the model,

while section 3.4 presents an alternative specification that

permits the empirical testing of the hypothesis that the

model is misspecified. section 3.5 explains how the original

model grossly overestimates the earnings of the foreign-born

relative to natives. section 3.6 reexamines the empirical

results of Chiswick's (1978a) study. section 3.7 presents

the results of empirical tests that were specified in

"Hawaii provides an excellent setting for this study. First, there
is the advantage of confining the analysis to a single well-defined
labor market. And second, Hawaii's population contains large numbers of
immigrants.
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section 3.4. sections 3.8 and 3.9 discuss the implications

of the findings of this study in relation to the results of

other models. Finally, section 3.10 summarizes the results

of the study.

3.2 The Empirical Framework

The framework that is used to study the process by

which foreign-born workers assimilate into the u.s. labor

market is aptly summarized by Borjas, Bronars and Trejo

(1992) :

The labor market assimilation of international
migrants is typically modeled by a [cross-section]
regression equation of the form

(3-1)

+ o,FOR*YSM + 02FOR*YSMSQ + €,

where w represents the (U.S.) hourly wage [or annual
earnings as in Chiswick 1978a], X is a vector of
[control variables],? [EDUC is years of schooling
completed],8 EXP measures labor market experience
[usually measured as age - education - 6 or age 
education - 5], EXPSQ is the square of EXP, FOR is a
dummy variable identifying international migrants
[FOR=l if foreign-born, 0 if native-born], YSM measures
years since migration, YSMSQ is the square of YSM and €
is a random error term.

The specification in (3-1) assumes that labor market
experience abroad is not a perfect substitute for u.s.

7Th e control vector X usually includes the following variables:
marital status, dummy variables for rural-urban place of residence and
geographic location and a variable for weeks worked in a year if w is
used to represent annual earnings (Chiswick 1978a). Borjas et ale (1992)
included gender and race in the vector X but most researchers stratify
their data by race and sex before estimating the model.

8Borjas et ale (1992) includes this variable in the vector X but I
spell it out separately to make the presentation of model (3-1) more
similar to the literature.
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experience. The coefficient 00 measures the
differential between immigrant and native earnings upon
arrival in the U.S., and is expected to be negative
because immigrants lack U.S. specific skills. The
coefficients 0\ and 02 measure how immigrant earnings
vary with the length of time spent in the U.S.
Assimilation causes immigrant earnings to grow more
rapidly over time than native earnings (0\>0), but this
effect diminishes over time as immigrants accumulate
U.S. experience and become more like natives (02<0)
[i talics are mine]. 9

The model appeals to labor economists because the

coefficients 00' 0\ and 02 provide a perfect description of

the growth of immigrant earnings as they assimilate in the

U.S. labor market. Moreover, the model permits the use of a

simple procedure for estimating the time after arrival at

which immigrants' earnings "equal" the earnings of

demographically comparable natives [see Appendix 3.1 for

Chiswick's (1978a) application of this procedure].

Unfortunately, this [cross-section] regression model

suffers from a specification error. In the discussion that

follows I show where this specification error originates.

3.3 specification Error

Let me write model (3-1) as follows:

9Wh a t makes model (3-1) distinctive is the form in which the
variables EXP and FOR*YSM are entered in the model. This rather distinct
way of specifying EXP and FOR*YSM is also found in models that study
other phenomena. Macpherson and Stewart (1989) use the same
specifications for EXP and FOR*YSM in their model for the labor force
participation of married immigrant women. In constructing a model for
studying unemployment differentials among Hispanic Americans, De Freitas
(1985) specifies EXP and FOR*YSM in the same way as model (3-1) with
the slight difference that FOR*YSM is represented by dummy variables
indicating year of immigration.
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o.FOR*YSM + 0zFOR*YSMSQ + e .
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since FOR = 1 if individual is foreign-born and 0 if he is

not, then (3-1) specifies the following equations for the

native born and the foreign-born.

(3-2)

(3-3)

ln w = x{3 + 71.EDUC + a1EXP + azEXPSQ + €

(native-born),

ln w = x{3 + 71.EDUC + a.EXP + azEXPSQ +

00 + c5 1*YSM + 0zYSM2 + € (foreign-born) .

Equations (3-2) and (3-3) should be familiar since

(3-2) is the familiar Mincer human capital earnings function

and (3-3) is the usual cross-section model used by labor

economists to analyze the determinants of earnings of the

foreign-born.

Consider (3-3). Equation (3-3) was first derived by

Chiswick (1978a) from equation (3-2). However, Fujii and

Mak (1983a) showed that Chiswick's derivation of (3-3) from

(3-2) is "flawed", is "inconsistent with his empirical

evidence" and interprets the meaning of the coefficients

incorrectly. I follow, therefore, Fujii and Mak's (1983a)

outline which shows the conditions and the constraints under

which the estimation of (3-3) does not produce biased and

inconsistent results.
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Consider again equation (3-2) [deleting the control

variables] .

(3-2)

since education and experience can be acquired before as

well as after migration then (3-2) can be written

alternatively [for the foreign-born] as

(3-4) In w = Co + c\EDB + c 2EDA + c 3EXPB + c 4EXPBSQ + csEXPA

+ c 6EXPASQ + c7(EXPB) (EXPA) + E.

where EDB is education acquired prior to migration, EDA is

education acquired since migration, EXPB is experience

acquired prior to migration, EXPBSQ is the square of EXPB,

EXPA is experience acquired since migration and EXPASQ is

the square of EXPA.

Substituting EDB with (EDUC - EDA) , EXPB with (EXP 

EXPA) , and EXPBSQ with [EXPSQ + EXPASQ - 2 (EXP) (EXPA)] in

(3-4), Fujii and Mak obtain the following:

(3-5) In w = Co + c1EDUC + (c2-cdEDA + c 3EXP + c 4EXPSQ

+ (cs-c3)EXPA + (C4+C6-C7)EXPASQ +

(c7-2c4 ) (EXP) (EXPA) + E.

Now, suppose I specify the following model [deleting

control variables] on the foreign-born:

(3-6) In w = bo + b1EDUC + b2EXP + b3EXPSQ + b4EXPA +

bsEXPASQ + E.
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Then, I should find from an examination of (3-5) that

(3-6) suffers from an omitted variable problem--and hence

the least-squares estimates are biased and inconsistent--if

the coefficients of EDA and (EXP) (EXPA) in (3-5) are

significantly different from zero.

To continue with this discussion, suppose the

coefficients of EDA and (EXP) (EXPA) are not significantly

different from zero in (3-5). Then the variable EDA can be

excluded and [c7=2c4 ] can be substituted into the coefficient

of EXPASQ in (3-5). These substitutions yield the following:

(3-7) In w = Co + clEDUC + c 3EXP + c4EXPSQ + (cs-c3)EXPA +

(C6-C4) EXPASQ + €.

Note that (3-7) contains the same arguments as (3-6). Note

also that if the coefficients of EDA and (EXPB) (EXPA) are

not significantly different from zero in (3-5) then (3-6)

produces unbiased and consistent estimates and the

coefficients of (3-6) represent the following:

b l is the return to pre-migration education,

b 2 & b3 are the coefficients of pre-migration experience,

and b4 & bs measure the differential effects of post-

migration against pre-migration experience.

Of course, the very important question to ask is: Is it

even plausible to consider the possibility that the

coefficient of (EXP) (EXPA) in (3-5) is not significantly
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different from zero or that the difference between the

returns to pre- and post migration schooling of the foreign

born is not significantly different from zero? The

empirical results of Chiswick (1978a) as well as the

empirical results of Fujii and Mak (1983a) show that the

coefficient of the interaction term (EXP) (EXPA) is not

significantly different from zero. On the other hand,

Greenwood and McDowell (1986) report that the empirical

results are mixed on the question of whether or not post

migration schooling of the foreign-born has the same effect

on earnings as pre-migration schooling. Greenwood and

McDowell cite that certain authors have found that a year of

schooling prior to immigration has a slightly greater effect

on earnings than a year of schooling after immigration but

that many others have also found that there is no

statistically significant difference in the returns to pre

and post immigration schooling. Furthermore, Greenwood and

McDowell write that there are still some other authors who

find that a year of schooling abroad is significantly less

valuable than a year of schooling gained in the u.s.

although the disadvantage associated with foreign schooling

is eliminated if instruction is in English.

Let me rewrite (3-3) as follows [deleting the control

variables]:

(3-3) ln w 'Yo + ~lEDUC + Ct1EXP + Ct2EXPSQ +

01*YSM + 02YSMSQ + € (foreign-born)
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It is seen from the constraints imposed on the

coefficients of (3-6) that (3-3) produces unbiased and

consistent estimates only if the following three conditions

are met:

(la) First, the foreign-born do not undertake any

further schooling after migration which means that YSM is

equal to EXPA.

(lb) Second, the difference between the returns to

pre-and post-migration schooling of the foreign-born is not

significantly different from zero.

(lc) And third, the coefficient of (EXP) (EXPA) is not

significantly different from zero in (3-5).

Note that these three conditions can be reduced to

conditions (la) and (lc) since if condition (la) is met then

it follows that all of the foreign-born's schooling is

obtained abroad. lO

It is seen also from (3-6) and (3-7) that if the above

conditions hold then the coefficients of (3-3) must

represent the following:

~I is the return to pre-migration education,

a 1 & a2 are the coefficients of pre-migration experience,

and 01 & 02 measure the differential effects of post-

migration against pre-migration experience.

WNo t e that (3-3) must satisfy conditions (la), (lb) and (lc)
because if it does not then (3-3) is not even interpretable because one
does really know where it comes from or what theory or hypothesis
justifies the specification:



33

Let me suppose that the above three conditions are

satisfied. That is, that the researcher has taken steps to

verify that his sample consists only of immigrants who have

not undertaken any schooling in the u.s. and that the

coefficient of (EXP) (EXPA) in (3-5) is not significantly

different from zero. However, if the above three conditions

are satisfied what happens to the estimates of model

(3-1)? Is model (3-1) going to produce unbiased and

consistent results?1l To provide answers to these

questions, I continue with my discussion. From this point on

in the discussion, I assume that the above three conditions

have already been satisfied.

Let me write (3-1), (3-2) and (3-3) [deleting control

variables] as follows:

(3-1)

(3-2)

(3-3)

In w = ao + 111 EDUC + a1EXP + a2EXPSQ + °oFOR

+ °IFOR*YSM + °2FOR*YSMSQ + € (pooled)

In w = ao + 111 EDUC + a1EXP + Q:2EXPSQ + €

(native-born)

In w = (ao + °0) + 111 EDUC + a1EXP + a 2EXPSQ +

(foreign-born)

"Of course, if conditions (la), (lb) and (lc) are not met then
model (3-1) produces biased and inconsistent estimates since model
(3-3) produces biased and inconsistent estimates.
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Recall from basic econometrics texts that the "pooled

regression" (3-1) produces unbiased and consistent estimates

only if the following conditions hold (see Oaxaca 1974):

(2a) First, the error terms of (3-2) and (3-3) have the

same normal distributions.

(2b) Second, the coefficients of EXP and EXPSQ in

(3-2) are not significantly different from the coefficients

of EXP and EXPSQ in (3-3).

(2c) And third, the coefficient of EDUC in (3-2) is not

significantly different from the coefficient of EDUC in

(3-3) .

I continue with this discussion by examining these

three conditions in detail. First, I assume that condition

(2a) holds, that is, that the researcher has verified that

the errors of (3-2) and (3-3) have the same normal

distributions.

Let me discuss the implications of conditions (2b) and

(2c). Suppose that condition (2b) holds. Then this means

that the coefficients of EXP and EXPSQ in (3-2) equal the

coefficients of EXP and EXPSQ in (3-3). Recall from the

preceding discussion, however, that the coefficients of EXP

and EXPSQ in (3-3) represent the partial effects on

earnings of the pre-migration experience of the foreign-born

while the coefficients of EXP and EXPSQ in (3-2) represent

the partial effect on earnings of the u.S. experience of the
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native-born. 12 Thus, the supposition that condition (2b)

holds imply that, other things the same, the pre-migration

experience of the foreign-born and the u.s. experience of

the native-born have the same effect on earnings. Similarly,

the supposition that condition (2c) holds means that the

pre-migration education of the foreign-born and the u.s.

education of the foreign-born have the same effect on

earnings, other things constant. Thus, if taken together,

conditions (2b) and (2c) imply that the estimates of (3-1)

are unbiased and consistent only if knowledge and skills

are perfectly transferable internationally. But is it

really true that knowledge and skills are perfectly

transferable internationally? certainly not since a priori

theoretical reasoning as well as empirical evidence support

strongly the "transferability of skills" hypothesis that

knowledge and skills are not perfectly transferable

internationally. In fact, the "transferability of skills"

hypothesis finds very strong support from the results of

Chiswick (1978a, 1979, 1980). Accordingly, these

inconsistencies prove beyond doubt that model (3-1)--even if

(la), (lb) and (lc) all hold--is with serious error.

J:No t e that the coefficients of EXP and EXPSQ in (3-3) must
represent the effects on earnings of the pre-migration experience of the
foreign-born because these are the logical consequences of the
assumption that conditions (la), (lb) and (lc) hold. Thus, if the
coefficients EXP and EXPSQ in (3-3) do not represent the effects on
earnings of the pre-migration experience of the foreign-born then such
implies that one or more of the above conditions do not hold which means
that (3-3) cannot produce unbiased and consistent results.
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It is obvious that Chiswick overlooked this error in

the model because it was also in his 1978a study--where

model (3-1) first appeared--that he first formulated the

following hypotheses: "as there are aspects of schooling

that are country-specific, a year of schooling prior to

immigration will have a smaller effect on earnings than a

year of schooling for the native born", and "as there are

aspects of labor market experience that are country-

specific, a year of experience prior to immigration will

have a smaller effect on earnings than a year of experience

for a native-born person". 13 In fact Chiswick supports

these hypotheses by producing results that showed that the

coefficients of EDUC and EXP in (3-3) are greater in

magnitude than the coefficients of EXP and EDUC in (3-2).

Of course, if Chiswick's claims [pertaining to these

hypotheses] are true then (3-1) is incorrect because (3-1)

assumes the opposite, that the coefficients of EDUC and EXP

in (3-2) and (3-3) are equal.

In the section that follows I refine and reformulate

the structure of model (3-1) to permit the formal testing of

the transferability of skills hypothesis that knowledge and

skills of the foreign-born are not perfectly transferable

internationally.

IJAs a special case, model (3-1) might work for immigrants whose
skills are very highly transferable in the U.S. labor market, e.g.,
immigrants from Canada and Britain.
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3.4 Alternative specification

I now reformulate model (3-1) so that it can

accommodate the "transferability of skills" hypothesis.

Suppose again that conditions (la), (lb) and (IC) hold.

Then I can specify the following models [again deleting the

control variables] for the native-born and the foreign-born:

(3-8)

for i=I,2, ... ,nn (native-born)

(3-9)

for i=I,2, ..• ,nr

(foreign-born)

Assuming that the error terms in (3-8) and (3-9) have the

same normal distributions then I can "pool" (3-8) and (3-9)

into a single linear model by including slope dummies for

EDUC, EXP and EXPSQ (see Hanushek and Jackson 1977, p.l06

and Oaxaca 1974, p.25):

(3-10) In wj = ao + lJIEDUCj + AJFORj*EDUCj + alEXPj +

/-LIFORj*EXPj + a 2EXPSQj + /-L2 FORj*EXPSQj +

0oFORj + °.FORj*YSMj + 02FORj*YSMSQj + Cit

for i=I,2, ... ,nn+nr (pooled)
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Equation (3-10) can be estimated directly by ordinary least

squares.~ The coefficient ~l in (3-10) measures the

difference between tl in (3-9) and 111 in (3-8) and the

standard error and 't' value corresponding to the estimated

~l tell how significant the difference is between the

coefficients if they had been estimated separately by OLS.

Moreover, the coefficients ~I and ~2 in (3-10) measure the

difference between [~l and a 1] and the difference between (~2

and a2 ] in (3-9) and (3-8) respectively.

Consistent with the "transferability of skills"

hypothesis, I posit that ~1<0 and ~1<0.

Note that (3-10) has the same arguments as (3-1) with

the exception that (3-10) contains the additional terms

FOR*EXP, FOR*EXPSQ and FOR*EDUC.

Thus, in essence, what I have here are two competing

explanations. The first explanation, model (3-1), says that

In w does not depend on FOR*EXP, FOR*EXPSQ and FOR*EDUC

while the second explanation, model (3-10), says that the

additional variables FOR*EXP, FOR*EXPSQ and FOR*EDUC are

relevant. Standard texts in econometrics state that the

second explanation can be tested by testing the hypothesis

J4Th i s is not the first time that model (3-10) has appeared in the
literature. Fujii and Mak (1983b) also specified an almost identical
model except that they include a "citizenship" variable for the foreign
born. I do not include that variable in (3-10) because Fujii and Mak's
results as well as Chiswick's (1978a) results show that citizenship has
no significant effect on earnings if the effects of years since
migration are accounted for in the model.
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against the alternative hypothesis that Ho is not true (see

Kmenta 1986, p.421). The appropriate test statistic which

can be tested at a specified level of significance is as

follows:

(3-11) F 3,n-Q =
(SSR3_10 - SSR3. \ ) /3

where n=nn+nrt Q is the number of parameters that are to be

estimated in equation (3-10), SSR3_10 is the residual sum of

squares of (3-10), SSR3_\ is the residual sum of squares of

(3-1) and SSE3_1O is the error sum of squares of (3-10).

The "Chow test" in (3-11) provides a better test of the

"transferability of skills" hypothesis compared to previous

tests because it is a "direct" test whereas previous tests

were all "indirect". These indirect tests were usually

undertaken by comparing the magnitudes of the coefficients

of the EDUC and EXP variables in equations (3-8) and (3-9)

and on the basis of these magnitudes conclude whether the

"transferability of skills" hypothesis is true or not. The

Chow test is definitely more superior to these indirect

tests because it does not only compare the magnitudes of the

coefficients, it also measures whether the differences are

significant or not.
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Suppose the Chow test rejects the null hypothesis and

model (3-10) is accepted as the "correct" mode Lv " Then the

bias in the least squares estimates of (3-1) can be

determined as follows: 16

First, let me write (3-10) and (3-1) as

(3-10) In Wi

for i=1,2, ... ,nn+nf (pooled) ,

(3-1)

for i=1,2, ... ,nn+nr (pooled).

The steps that are followed next include the following:

(i) the normal equations are solved to obtain the least

squares estimators of (3-1), (ii) the expectations operator

15The "correctness" of (3-10) depends on the assumption that (la),
(lb) and (lc) all hold because if any of these conditions does not hold
then I do not even have a foreign-born equation to start with since the
estimates of (3-9) will be biased and inconsistent. These conditions,
however, limit the use and application of model (3-10) because they
imply that (3-10) cannot be used on a foreign-born sample that includes
foreign-born persons who had undertaken additional schooling in the U.S.

Of course, I am also assuming that (3-10) satisfies the following:
that all the required variables are entered in the regression, no
simultaneity, no measurement errors, and so on. However, these
assumptions are presumed to hold for (3-1) which means that they should
hold for (3-10) also.

16The predictions below pertaining to the bias in the least squares
estimates of (3-1) should not be viewed as "actual" results since they
are dependent on the assumption that (3-10) is the correct model. Hence,
they should be viewed as additional hypotheses that can be empirically
tested if the Chow test in (3-11) rejects the null hypothesis that
(3-1) is the correct model.
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is applied to the least squares estimators, and (iii) the

normal equations of (3-10) are incorporated into the

expectations in step ii to obtain the mathematical

expectations of the least squares estimators of the

different coefficients of (3-1) [see Appendix 3.2 for more

details on this procedure]. 17

Accordingly, it can be shown that if (3-10) is the

correct model but it is (3-1) which is incorrectly estimated

then the mathematical expectation of the least squares

estimator of ~I in (3-1) is

where d), e) and f) are the same as the formula of the least

squares coefficients of EDUC in the following equations:

(FOR*EDUC) = do + d)*EDUC + d2*EXP + d3*EXPSQ + d4*FOR

+ ds*(FOR*YSM) + d6*(FOR*YSMSQ) + residual,

(FOR*EXP)

+ es*(FOR*YSM) + e 6*(FOR*YSMSQ) + residual,

(FOR*EXPSQ) = f o + f(*EDUC + f 2*EXP + f 3*EXPSQ + f 4*FOR

+ fs*(FOR*YSM) + f 6*(FOR*YSMSQ) + residual.

To sign E(~I)' I assume that the linear relationship between

[(FOR*EXP) and EDUC] and [(FOR*EXPSQ) and EDUC] is very much

less than the relationship between (FOR*EDUC) and (EDUC).

17The procedure that I am describing here is similar to the
procedure that is used in basic econometrics texts to show the bias in
the least squares estimators when a variable is omitted from the model.
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Hence, I assume that E(~d can be approximated as

E(~d ::::;~l +A,(dd·

Under the assumption that the "transferability of skills"

hypothesis hold, A1<0. Now, what about the sign of d 1? Note

that d l is close to zero if the sample is disproportionately

composed of natives and close to one if the sample is

disproportionately composed of the foreign-born. Thus, what

this says is that if there is little correlation between

education and experience then the least squares estimate of

~I in (3-1) is likely to yield a value that is close to ~l in

(3-8) if the sample is disproportionately composed of

natives and a value that is close to ~ in (3-9) if it is

disproportionately composed of the foreign-born.

Similarly, if there is little correlation between

education and experience then the least squares estimate of

a l in (3-1) is likely to yield a value that is close to a l in

(3-8) if the sample is disproportionately composed of

natives and a value close to ~I in (3-9) if it is

disproportionately composed of the foreign-born.

What happens to the least squares estimator of 00 in

(3-1) if (3-10) is the correct model? Again the expectation

of 00 in (3-1) is
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where d 4 , e 4 and f 4 are the same as the formula of the least

squares coefficients of FOR in the following equations:

(FOR*EDUC) = do + d1*EDUC + d2*EXP + d 3*EXPSQ + d4*FOR

+ d5* (FOR*YSM) + d6* (FOR*YSMSQ) + residual,

(FOR*EXP) = eo + e1*EDUC + e 2*EXP + e 3*EXPSQ + e4*FOR

+ e 5* (FOR*YSM) + e 6* (FOR*YSMSQ) + residual,

(FOR*EXPSQ) = f o + fl*EDUC + f 2*EXP + f 3*EXPSQ + f 4*FOR

+ f 5* (FOR*YSM) + f 6* (FOR*YSMSQ) + residual.

I assume for the moment that ~2 is small relative to ~l. [In

the next section I show why this inequality is likely to

hold if there is strong support for the "transferability of

skills" hypothesis.] Thus, I assume that E(oo) can be

approximated as

Note that ~ and ~I are negative if the transferability of

skills hypothesis holds. Note also that d4 and e 4 are likely

to be positive in the above least squares equations. Hence,

the implication is that the estimate of 00 in (3-1) is

likely to underestimate the true value of 00.

The preceding result is important because it means that

the interpretation by the assimilation literature that 00 in

(3-1) represents the initial difference between immigrant

and native earnings upon arrival in the u.s. is faulty and
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that the "negative" value for 60 that is estimated is really

nothing more but an expression of the bias in (3-1).

Another important variable in equations (3-10) and

(3-1) is the YSM variable. What happens to the least squares

estimator of this variable in (3-1) if model (3-10) is the

correct model? The expectation of 01 in (3-1) is as

follows:

where ds' e s and f s are the same as the formula of the least

squares coefficients of FOR*YSM in the following equations:

(FOR*EDUC) = do + dl*EDUC + d2*EXP + d3*EXPSQ + d4*FOR

+ ds*(FOR*YSM) + d6*(FOR*YSMSQ) + residual,

(FOR*EXP) eo + el*EDUC + e 2*EXP + e 3*EXPSQ + e 4*FOR

+ es*(FOR*YSM) + e6*(FOR*YSMSQ) + residual,

(FOR*EXPSQ) = f o + f(*EDUC + f 2*EXP + f 3*EXPSQ + f 4*FOR

+ f s* (FOR*YSM) + f 6* (FOR*YSMSQ) + residual.

I assume again that ~2 is small relative to ~I. Hence, I

assume that E(6 1) can be approximated as

E ( 6 1) ~ 6 I + AI (ds) + ~ ( (e s) •

If the "transferability of skills" hypothesis holds then AI

and ~I are negative. Moreover, ds is likely to be negative

and e s is likely to be positive in the above least squares
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equations. Note, however, that the absolute values of ds

and e s are likely to be close to zero if the sample is

disproportionately composed of natives. Hence, the first

hypothesis here is that if the sample is disproportionately

composed of natives then it is likely that E(OI) :::: 01.

Consider again ~ and ~. Note that even though ~ and ~

have opposing signs, it is likely that Idsl < lesl if the

sample is not disproportionately composed of natives. Hence,

the second hypothesis here is that if the sample is not

disproportionately composed of natives then the estimate of

01 in (3-1) is likely to underestimate the true value of 01.

3.5 Explanation of How Chiswick's Model overestimates

the Earnings Growth of Immigrants

I wish to emphasize that the explanation below is

dependent on the assumption that model (3-10) is the

"correct" mode Lv '" Hence, the results below should not be

viewed as "absolutes" but rather as part· of a framework by

which one can formulate hypotheses that can be tested by

actual applications of models (3-1), (3-8), (3-9) and

(3-10) .

However, before I proceed with an explanation of how

model (3-1) overestimates the earnings growth of immigrants

I first hypothesize about the magnitudes of some of the

18Hence, all these explanations are invalid if the Chow test in (3
11) does not reject the null hypothesis that Ho is true.
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coefficients in (3-8), (3-9) and (3-10) because I need a

"crude measure" of their magnitudes to facilitate my

explanation later in this section.

Consider the coefficients of (3-8) and (3-9). Theory

and empirical evidence have established the following

results: 111>0, 0:1>0, 0:2<0, 5"1>0, ~I>O, ~2<0, 01>0, 02<0;

and that, 10:11»10:21, l~d»1~21, 1011»1021. That theory

supports the latter three inequalities follows from the

assumption of "concavity" of the earnings profile. Earnings

typically rise initially with experience, peak and then fall

(see Mincer 1974, pp.81-89). For example, the inequality

10:11»10:2/ can be established from (3-8) as follows. The

assumption of "concavity" of the earnings profile implies

that a In w/aEXP = 0:1+2(0:2)EXP > 0 and a2ln W/(aEXp)2 =

2(0:2) < O. Combining these two results, I obtain the

following: 0:1> -2 (0:2)EXP = 2(10:21)EXP, since 0:2<0, or that

I 0:11>> I 0:21 •

In addition, I hypothesize that IMII»IM2/' This

inequality is derived from the results that 10:11»10:21 and

I~11» 1~21 and from the "transferability of skills"

hypothesis since if there is strong support for the

"transferability of skills" hypothesis then it is likely

that the inequality relationship I ~I-O:II» 1 ~2-0:21 = I MJ I» 1M2/

will also hold.

Now, to my explanation. The growth of the earnings of

the foreign-born with time spent in the U.S. can be
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estimated from model (3-10) by taking the partial of In w

with respect to FOR:

(3-12) a In wjaFOR = 00 + o,*YSM + 02*YSMSQ + J.LI*EXP +

J.L2*EXPSQ + A,*EDUC.

Thus, unlike the a In wjaFOR of model (3-1), the

a In wjaFOR of model (3-10) contains the additional terms

J-LI*EXP, J-L2*EXPSQ and At*EDUC.

The importance of the terms J.L,*EXP and A(*EDUC can best

be explained by an example: Suppose that an immigrant with

X years of labor market experience and Y years of schooling

in his country of origin arrives in the u.s. Equation

(3-12) says that the initial difference in earnings between

that immigrant and a comparable native is:

since J.L2 is small relative to J.L,.

What do J.L,*X, A1*Y and 00 mean? Since the immigrant arrived

in the u.S. with X years of pre-migration experience and Y

years of pre-migration education, then a demographically

comparable native will also have X years of total experience

and Y years of U. S. education. The "returns" 19 to the

immigrant's X years of pre-migration experience is (at +

J-LI)*X and the returns to his Y years of pre-migration

19The word "return" here is used in the context of partial effects;
"return" is the change in In w resulting from a unit change in EXP,
holding the remaining explanatory variables constant.
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education is (~\ + Ad*Y. On the other hand, a comparable

native will have o:\*X as the "returns" to his X years of

total experience and ~1*Y as the returns to his Y years of

u.s. schooling. Thus, the difference between immigrant and

comparable native is [M\*X + A\*Y]--which is a negative

quantity if the "transferability of skills" hypothesis

holds. Now, what does 00 mean? Fujii and Mak (1983b)

suggest that the variable FOR can be interpreted, following

Carliner (1980), as an index of motivation. w

Now, suppose that this immigrant, who arrived with X

years of pre-migration experience and Y years of pre-

migration education, worked for 1 year in the u.s.

Equation (3-12) again says that the predicted earnings

difference between this immigrant and a comparable native

after a year in the u.s. is

since 02 and J.1.2 are

small relative to 0, and J.1.\ respectively.

The terms [01*1 + J.1.1*(X+1)J can be explained as follows. The

immigrant will have (0:, + J.1.d *x as the "returns" to his X

years of pre-migration experience and [0, + (0:, + J.1.dJ*1 as

~The analysis in chapter 12 of this dissertation, however, suggests
that the coefficients of the race dummies [e.g., FOR in model 3-10]
capture not only the higher motivation of immigrants but also their
"abilities" to compensate--and be upwardly mobile--for the lack of
transferability of their pre-migration skills.
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the "return" to his one year of experience in the u.s. [Note

that the "return" to immigrant's one year of work experience

in the u.s. is not (0. + al)--as what model (3-1)

erroneously computes--but [° 1 + (a l + ~d]*l because the

coefficient of YSM represents the differential effect of

post-migration experience over pre-migration experience, not

over the (U.S.) experience of the native-born.] Thus, the

total "returns" to pre-migration and post-migration

experience of the immigrant is 01 + (al+p.d * (X+1). On the

other hand, a comparable native will enjoy "returns" of

a 1*(X+1) to his X+1 years of total experience. Accordingly,

the difference in earnings between immigrant and comparable

native due to labor market experience is 01*1 + ~1*(X+1).

The preceding example should explain how model (3-1)

overestimates the earnings growth of immigrants. First, it

assumes that the effects on earnings of the pre-migration

experience and pre-migration education of immigrants are the

same as the effects on earnings of the (U.S.) experience and

(u.S.) education of the native-born. Second, model (3-1)

erroneously measures the earnings growth of immigrants (od

as the differential impact of post-migration experience over

the (U.S.) experience of the native-born when it fact it

should be measured as the differential impact of post

migration experience over the pre-migration experience of

the foreign-born.
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A comparison of (3-12) with the a ln W/aFOR of

regression model (3-1) reveals that the error in model

( 3-1) is least when I~II and JAil are close to zero. This

is likely to happen for immigrants from English-speaking

countries or developed countries whose skills are highly

transferable to the u.s.

However, one can easily deduce from (3-12) that if the

transferability of skills hypothesis holds then it is very

difficult for the "typical" immigrant to "overtake" the

earnings of a comparable native because the earnings of the

immigrant will always be depressed by the factors ~1*EXP and

A1*EDUC while his earnings can only rise, on the average, by

as much as 01 for every year of stay in the u.s. It can be

inferred from (3-12), however, that relatively younger

immigrants are more likely to achieve earnings parity with

comparable natives since the terms ~l*EXP and A1*EDUC in

(3-12) are likely to be smaller for younger immigrants. 21

3.6 Evidence From Chiswick's (1978a) Results

Chiswick's (1978a) original results are shown in Table

3.1. These results should provide some evidence on the

consistency of the arguments that I have forwarded against

Chiswick's model.

~JThis explanation is consistent with Kossoudji' s (1989) findings
that suggest that much of the observed assimilation of immigrants may be
the outcome of pre-labor market experiences of immigrants who arrive as
children or teenagers.
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The column headings in Table 3.1 are patterned after

the labels of the specifications that I have used in the

preceding sections. For example, the heading [eq. (3-1)]

indicate that the regression model applied is of the form

given in equation (3-1) above. The labels (2) and (4),

however, are from Chiswick's "original" table since I have

not specified these equations in my previous discussion. 22

The results in Table 3.1 provide strong support for the

"transferability of skills" hypothesis. For example, the

coefficients of EXP and EDUC are smaller in (3-9) than in

(3-8). Moreover, the coefficient of FOR*EDUC is highly

significant in (4).

The results are also consistent with the predictions in

section 3.4 [given that the sample is disproportionately

composed of natives]. For example, note that the

coefficients of EXP and EDUC in (3-1) are closer to the

coefficients of EXP and EDUC in (3-8) than in (3-9). Note

also that the coefficient of FOR*YSM in (3-1) is close to

the coefficient of YSM in (3-9).

Of course, I cannot use the results in Table 3.1 as

ultimate proof that Chiswick's "pooled" model is flawed

because, obviously, one cannot use the results of a flawed

model to refute a flawed model. However, the results in the

DIn evaluating Chiswick's results, I assume that Chiswick's
foreign-born data satisfy--or is at least consistent with--the
conditions given in (la), (Ib), and (Ic) because if it does not then
that would mean that the foreign-born equation and, consequently the
pooled equations, are biased and inconsistent.
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table should raise doubts on the consistency of model

(3-1). In fact, the presence of the three "pooled" models in

Table 3.1 should make one wonder as to which of the three

models is the correct model since Chiswick freely uses the

results of the three models to support his explanations and

hypotheses. Since the three models are used to explain the

same phenomenon and are applied to the same data set then

only one of them can be the correct model and two of the

models either suffer from an "omitted" variable problem or

an "irrelevant" variable problem or both depending on which

model is the correct model.

However, since Chiswick's original results do not

include estimates of model (3-10), I therefore use data from

the 1980 U.S. Census to show that specification error is

present in model (3-1).

3.7 Tests on Alternative Model

I use data from the Public Use Microdata Samples (PUMS)

for Hawaii of the 1980 U.S. Census to empirically test the

"correctness" of models (3-1) and (3-10) .23 The analysis is

restricted to native and foreign-born Filipino males in the

sample who are aged 25-64, who worked at least one week in

1979, who are not in school, in the military or retired and

who reported earnings in 1979 from wages, salary and self-

~The 5% A sample and 1% B sample were combined to produce more
cases but duplicates were excluded from the analysis.
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employment. The native-born are defined as those born in

the state of Hawaii. The foreign-born are defined as those

born in the Philippines. Filipino males were chosen for no

other reason other than that the sample contained enough

native and foreign-born Filipino males to permit the

application of the required tests.

I also took the necessary steps to verify that the

foreign-born sample satisfied the conditions in (1a), (1b)

and (Ic). I eliminated the foreign-born in the sample that

had undertaken additional schooling in the U.S. M I also

estimated equation (3-5) on the foreign-born sample and

found that the coefficient of (EXP) (EXPA) is not

significantly different from zero.

The control variables used in the equations are defined

as follows: LN WEEKS is the natural logarithm of weeks

worked in 1979; DIS=1 if person has a health condition which

limits the amount or kind of work he can do, 0 otherwise;

NI=1 if person lives in the Neighbor Islands, 0 otherwise

(person lives on Oahu); and MS=I if married, 0 otherwise.

The mean values of the variables used in the analysis

are presented in Table 3.2. Estimates of models (3-1) and

(3-10) and equations (3-8) and (3-9) are reported in Table

3 .3.

~Since the PUMS does not have a variable that measures additional
schooling in the u.s. for the foreign-born, I used a procedure that
eliminated the foreign-born in the sample that had a high likelihood of
having undertaken further schooling in the u.s.
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The equations in Table 3.3 were estimated with OLS. All

equations passed the F-test at the 5 percent level. T-

statistics are enclosed in parentheses below each

coefficient. Significant coefficients at the 5 percent level

(one-tailed test) are indicated with asterisk. All

coefficients had the correct sign and were significant or

were not significantly different from zero.

consistent with previous empirical results, the

coefficients of EXP and EDUC in equation (3-8) are much

larger than the coefficients of EXP and EDUC in equation (3-

9). The results of equation (3-9) show also that the

earnings of the foreign-born rise with time in the Hawaiian

labor market. 25

I applied the Chow test (at the 1% level of

significance) to test the null hypothesis that the

coefficients of FOR*EDUC, FOR*EXP and FOR*EXPSQ in equation

(3-10) are all equal to zero against the alternative

hypothesis that the null hypothesis is not true. The "Chow

test" calculations yielded the following:

(323.56-312.15) [1266]
F3.1266

(SSR3_IO - SSR3_1) /3

SSE3_10/1266

=
(451.32) [3 ]

~Chow tests indicate that equation (3-8) is significantly different
from equation (3-9) and that the variables EDUC, EXP, NI and the
intercept were the principal sources of the difference. However, I
assumed in (3-1) and (3-10) that the effects of NI on earnings is the
same for both the native-born and the foreign-born because I have no a
priori reason to suspect that they should be different. Hence, I assume
that the difference in NI between the native-born and foreign-born
equations is due to sampling differences and not due to underlying
differences in population values.
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or,

F = 10.67.

since the tabulated value of F3•1266 at the 1% level of

significance is 3.78, the null hypothesis has to be

rejected. That is, the evidence strongly suggests that the

u.s. experience and education of foreign-born Filipino males

have a much greater effect on earnings than the pre-

migration education and experience of foreign-born Filipino

males. 26

The figures in Table 3-3 indicate that the coefficient

of FOR in (3-1) is very much less than the coefficient of

FOR in (3-10). This result clearly supports the argument in

section 3.4 that the interpretation by the assimilation

literature--that the coefficient of FOR in (3-1) measures

the initial difference between immigrant and native earnings

upon arrival--is erroneous and that the negative value of

the coefficient of FOR in (3-1) is really nothing more but

an expression of the bias in (3-1).

The other results in Table 3-3 fully support the

various hypotheses that I put forth earlier in section 3.4

[given that the sample is almost evenly comprised of natives

and immigrants]. For example, note that the coefficient of

EXP in (3-1) lie halfway between the coefficients of EXP in

equation (3-8) and equation (3-9). Note also that the

c6No t e that this conclusion is further supported by the highly
significant t-values of the coefficients of FOR*EXP and FOR*EDUC in
equation (3-10) [of Table 3-3).
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coefficient of EDUC in (3-1) lie somewhere between the

coefficients of EDUC in (3-8) and (3-9).

3.8 Predicted Earnings of Filipino Immigrants in Hawaii

Suppose a certain researcher used model (3-1) to study

the earnings growth of Filipino immigrants in Hawaii. Would

he arrive at the usual conclusion of the assimilation

literature that the earnings of immigrants "overtake" the

earnings of demographically comparable natives after 10-15

years in the U.S.?

Since this researcher does not know that model (3-1)

is misspecified then he would have followed Chiswick's

procedure in estimating the time at which immigrant's

earnings "overtake" the earnings of comparable natives. He

would have derived aln w/aFOR of model (3-1) and obtain the

following:

(3-13) a In w/aFOR = -.47223 + .03813*YSM - .00053*YSMSQ.

From (3-13), the researcher would have predicted the

following percent difference in earnings between native and

foreign-born at different durations since migration: 1

year, -43.5; 5 years, -29.5; 10 years, -14.4; 16 years, 0.2;

20 years, 7.8; 30 years, 19.5; and so on.

Hence, the researcher would have concluded that the

earnings of Filipino immigrants are sUbstantially less

initially than the earnings of natives but that the
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earnings of immigrants rise steeply with time, and equal

those of natives after about 16 years, after which the

immigrants have higher earnings. He would probably have

added that his finding is almost consistent with the

generally accepted conclusion that the earnings of

immigrants equal those of demographically comparable natives

after about 10-15 years in the U.S.

The researcher's conclusion, however, is dubious

because it is derived from a model that is misspecified.

However, to further examine the extent of the error in the

researcher's conclusion, I use the results of equation

(3-10) to estimate the growth of the earnings of the

average Filipino immigrant with time spent in Hawaii.

Following the procedure suggested in section 3-5, the

partial of In w with respect to FOR of model (3-10) is

calculated:

(3-14) a In w/aFOR = .65767 + .04491*YSM - .00064*YSMSQ

- .03705*EXP + .00036*EXPSQ - .05011*EDUC.

The initial difference in earnings between the average

Filipino immigrant and comparable native is estimated by

substituting into (3-14) the following: EXP=14.93,

EXPSQ=222.90 and EDUC=9.76. 27 The difference in earnings

after 1 year is obtained by substituting into (3-14) the

nThese values correspond to the mean characteristics of the
"average" Filipino immigrant as reported in Table 3.2.
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following: EXP=15.93, EXPSQ=253.76, YSM=l, YSMSQ=l and

EDUC=9.76. Continuing this procedure, the predicted percent

difference in earnings between the native and foreign-born

for different durations since migration are: 1 year, -37.7;

5 years, -21.8; 10 years, -14.6; 20 years, -4.4; 25 years,

-1.4; 29 years, -0.01;

years, 0.1; and so on. D

30 years, 0.2; 35 years, 0.4; 37

The predicted earnings of Filipino immigrants from

models (3-1) and (3-10) are shown in figure 3.1. [The

predicted earnings of the "comparable" native in figure 3.1

were calculated from equation (3-8) of Table 3-3].

Two conclusions can immediately be formed from the

empirical results in figure 3.1. First, that model (3-1)

[Chiswick's model] grossly overestimates the earnings growth

of Filipino immigrants. And second, that Filipino immigrants

achieve earnings parity with comparable natives but at a

much later date than what Chiswick's model predicts.

These results support Chiswick's hypothesis that

immigrants have more innate ability and motivation than

comparable natives. However, these results also indicate

~This procedure, however, can only be used to estimate the
earnings path of the "average" immigrant in the sample because it
appears that the effects of the variable FOR in (3-10) vary for
"younger" and "older" immigrants. For example, my preliminary estimate
of (3-10) involving a pooled sample of natives and "younger" immigrants
produced a coefficient of FOR that is a lot smaller than the coefficient
of FOR in (3-10) of Table 3.3. The likely reason why the effects of FOR
vary for "younger" and "older" immigrants is that the variable FOR
apparently captures not only the effects of motivation but also the
"abilities" of immigrants to compensate for the lack of transferability
of their pre-migration skills [see also footnote 20).
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that chiswick greatly overestimated the extent of the

effect on earnings of these higher abilities and motivation

of immigrants.

3.9 Parallels with Mincer and Ofek's Hypothesis

Using the National Longitudinal Survey panel data for

women, Mincer and Ofek (1982) observed that the reentry

wages of new returnees to the labor market are on the

average lower than at the point of labor force withdrawal

and that the decline is greater, the longer the

interruption. Mincer and Ofek also observed that the

returnees experience relatively rapid growth in wages after

the return to work.

Mincer and Ofek conclude that the rapid growth in wages

experienced by returnees shortly after the return to work

reflects the restoration or "repair" of previously eroded

human capital, on the assumption that this reconstruction

process is more efficient and less costly than new

construction of human capital. However, Mincer and Ofek

postulate that this repair process stops once the earnings

of returnees is restored to their post-interruption level

since at that point the opportunity cost of investments in

human capital will be no different from those who stayed on

at work, which implies that earnings of returnees will

always be less than comparable stayers.
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Mincer and Ofek also expressed the view that the above

phenomenon has its parallels in the labor market experience

of immigrants in their new countries. utilizing the

assumption that knowledge and skills are not perfectly

transferable across frontiers, Mincer and Ofek hypothesized

that the greater the "distance" between country of origin

and destination, the greater the "depreciation" of human

capital. Drawing similarities from the experience of "new

returnees", Mincer and Ofek interpret the initially lower

wages of immigrants compared to natives and the subsequent

rapid growth of immigrants' wages shortly after their

arrival in their new countries as "in part" a reflection of

the restoration and repair process.

The findings of this study is consistent with Mincer

and Ofek's hypothesis that the labor market behavior of

immigrants parallels that of new returnees to the labor

market. In fact, the results in figure 3.1--which

indicate that Chiswick's model greatly overestimates the

earnings growth of immigrants--strengthen the evidence in

support of Mincer and Ofek's view that the steeper growth of

wages of immigrants compared to natives is more a reflection

of the immigrants' efficient readapt ion of their previously

acquired human capital stock than as evidence of their

larger investments in human capital.



61

3.10 Extensions to other Models

The methodological error that has been uncovered in

this study has important implications because of the

possibility that it could be present in many other studies

in the social sciences that study other forms of social

behavior. To further see the logic of this possibility,

consider the following model used by Chiswick (1991b) to

study the occupational attainment of native and foreign-born

Jews at the turn of the century:

(3-15) PREST x{3 + Cl1EXP + Cl2EXPSQ + 0o*FOR

+ 0IFOR*YSM + 02FOR*YSMSQ + e ,

where PREST represents occupational prestige scores, X is a

vector of control variables and the remaining variables are

as previously defined (see Table 3.4).

Note that the model in (3-15) is again a pooled model

of natives and foreign-born persons. Note also that (3-15)

makes the assumption that the effect of the variable EXP on

occupational attainment is the same for natives and the

foreign-born. However, since knowledge and skills are not

perfectly transferable across frontiers, then it is highly

probable--as was the case in model 3-1--that the effect of

EXP on occupational attainment is not the same for natives

and the foreign-born and so the above model is again likely

to generate biased and inconsistent estimates.
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other models that are likely to suffer from the same

specification error as (3-15) are usually specified in the

following form:

(3-16) depvar = X(3 + 'l71EDUC + (XIEXP + (X2EXPSQ + 0oFOR +

where DEPVAR could be the log odds of the probability of

participating in the labor force or it could be a variable

representing unemployment differentials. On the other hand,

the explanatory variables representing education and

experience could be in the form of dummies for years of

schooling, dummies for age or dummies for year of arrival in

the U.S. 29 Accordingly, the potential error in these models

arise because education and labor market experience of the

native-born and foreign-born are assumed to have the same

effects on the dependent variable. However, if knowledge

and skills are not perfectly transferable internationally

then it is likely that the education and experience of the

foreign-born, which has a pre-migration component, will not

have the same effects on the dependent variable as the

education and experience of the native-born and so the

estimates of (3-16) are likely to generate biased and

inconsistent results.

~Examples of studies of other labor market phenomena that use a
model that is "similar" to model (3-16) include, among others,
Macpherson and Stewart (1989), De Freitas (1985), Reimers (1985a),
Tienda and Guhleman (1985).
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3.11 Summary and Conclusions

This study reexamines the framework and methodology

employed by Chiswick and borrowed by many others to

investigate the process by which immigrants assimilate in

the u.s. labor market. The initial conclusion reached by

Chiswick (1978a) and supported by the empirical results of

many other researchers is that immigrants' advantages of

greater ability and motivation (from self-selection) are

more than sufficient to offset the disadvantages of less

than perfect international transferability of knowledge and

skills so that the earnings of immigrants "overtake" the

earnings of comparable natives after 10-15 years in the u.s.

This study, however, finds that the cross-section

regression model employed by Chiswick and subsequently

utilized by other labor economists is misspecified and

inconsistent with the empirical results of the assimilation

literature. Using an alternative (cross-section)

specification and data from the Public Use Microdata Samples

for Hawaii of the 1980 U.S. Census, this study demonstrates

that the flaw in Chiswick's original model has the effect of

grossly overestimating the earnings growth of immigrants

relative to the earnings of the native-born.

What implications can be drawn from these results?

These results imply that all the findings and conclusions

that were derived from Chiswick's model especially those

pertaining to the earnings crossover hypothesis are hardly
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of any use since Chiswick's model is analytically flawed.

These results imply also that Borjas (1985) had been right

all along in claiming that the earnings growth of immigrant

cohorts relative to the native cohorts are greatly

overestimated by cross-section analysis. However, the

alternative specification demonstrate that there is no truth

to Borjas' conclusion that cross-section analyses are

"misleading and useless" since the alternative specification

indicate that, like Borjas' cohort analysis, "the overtaking

point takes place much later in the life cycle than the

point predicted by the cross section regression" [of

Chiswick] .30

The findings of this study provide credence to Mincer

and Ofek's hypothesis that the labor market behavior of

immigrants parallels that of new returnees to the labor

market. The results of the alternative specification which

indicate that Chiswick's model greatly overestimates the

earnings growth of immigrants strengthen the evidence in

support of Mincer and Ofek's view that the steeper growth of

wages of immigrants compared to natives is more a reflection

of the immigrants' efficient readaptation of their

~It is apparent that one of the reasons why Borjas dismissed the
use of cross section analysis as "useless and misleading" is that he
never suspected that Chiswick's model is analytically flawed and thus,
he concluded that the strong positive impact of the years since
migration variable in cross-section earnings equation is suggestive of
the higher quality of earlier immigrant cohorts. (That Borjas never
thought that Chiswick's (1978a) model is analytically flawed is obvious;
Borjas (1985, p.479), Borjas (1987) and Borjas, Bronars and Trejo (1992)
all employ models that are structurally similar to Chiswick's (1978a)
model. 1
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previously acquired human capital stock than as evidence of

their larger investments in human capital.

Most importantly, the findings of this study call for a

thorough evaluation of the results and conclusion of the

immigration literature that pertains to the following policy

questions: What is the economic contribution of immigrants

to the U.S.? Are the new immigrants less skilled than the

old?

The findings of this study are likely going to bring

into focus the effectiveness of current U.S. immigration

policies especially those that relate to the question of

whether to select immigrants on the basis of skills or

qualifications related to U.S. labor market requirements or

to select immigrants on the basis of family relationships.

Although these issues have been the focus of many debates in

the recent past, these debates have not really been

explosive because it is apparent that a number of

policymakers in this country have come to accept that all

"types of immigration" are an important source of economic

growth because of "Chiswick's findings" that immigrants are

more productive than natives (of similar demographic

characteristics). That view might change now because of the

findings of this study.

Chiswick's findings have also created the consensus

that there is no need to be concerned if newly arrived

immigrants earn very low wage rates because they will
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achieve earnings parity with natives within a decade or two.

The results of this study, however, may change that

consensus, with the consequence that policymakers may voice

concern that unqualified immigrants may become permanent

pUblic charges to the American taxpayer. It is also possible

that some policymakers--especially those who favor a

"closed-door" policy of immigration for the U.S.--may use

the results of this study to support their arguments that

u.s. immigration should be severely restricted.
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TABLE 3.1
Regression Analysis of Earnings for Native- and
Foreign-Born Adult White Men, Aged 25-64 in 1970

NATIVE NATIVE AND FOREIGN-BORN FOREIGN
BORN

[Eq. 2.8] (2 ) [Eq. 2.1 ] (4 ) [Eq • 2.9]

EDUC . 07154 .07058 .07004 .07164 .05740
(53.78) (55.68) (55.18) (54.11 ) (12.93)

EXP .03167 .03050 .03071 .03097 .02028
(22.99) (22.86) (22.99) (23.10) (3.47)

EXPSQ -.00052 -.00049 -.00050 -.00051 -.00031
(-20.77) (-20.45) (-20.78) (-20.93) (-3.18)

FOR .02951 -.16359 .00990
(1.75) (-4.32) (0.18)

FOR*YSM .01461 .01555 .01500
(3.98 ) (4.23) (3.87)

FOR*YSMSQ -.00016 -.00018 -.00019
(-2.47) (-2.79) (-2.82)

FOR*EDUC -.01619
(-4.23)

LN WW 1.10335 1.10326 1.10169 1.10111 1. 07151
(81.75) (84.78) (84.70) (84.67) (21.97)

RURALEQl -.17222 -.16970 -.17080 -.16915 -.05821
(-20.28) (-20.25) (-20.39) (-20.18) (-1.13)

SOUTHEQl -.12090 -.12620 -.12530 -.12389 -.21587
(-14.17) (-15.01) (-14.91) (-14.74) (-4.38)

NOTMSP -.30647 -.31078 -.30947 -.30874 -.34498
(-27.76) (-28.97) (-28.86) (-28.79) (-7.66)

CONSTANT -1. 03646 -1. 01537 -1. 00016 -1. 02156 -.78891

N 34,231 36,245 36,245 36,245 1,924

R" .3071 .3075 .3084 .3087 .3387

Notes: T-ratios in parenthesis. Dependent variable is natural logarithm
of annual earnings. The control vector of LN WW, RURALEQ1, SOUTHEQ1,
NOTMSP represent natural logarithm of weeks worked, dummies for
rural-urban and south/non-south place of residence and marital
status. The equations labeled (2) and (4) do not have corresponding
counterparts in the preceding discussion so I just copied Chiswick's
(2) and (4) label for them.

Source: Chiswick (1978a), p. 908.
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TABLE 3.2
Mean Values, Native and Foreign-born Filipino Males, 25-64

Native
Born

Earnings in 1979 $15,870

Log of Earnings in 1979 9.48

Education 11.67

Age 39.51

Experience (age - 21.84
education - 6)

Weeks Worked in 1979 48.62

Log of Weeks Worked in 1979 3.85

With Health Disability (%) 3.40

Living in Neighbor Islands (%) 31.28

Married with Spouse Present (%) 74.07

Years Since Migration N.A.

N 617

N.A. - Not Applicable.

Foreign
Born

$13,491

9.27

9.76

43.72

27.96

47.52

3.81

1. 21

25.94

88.23

13.03

663

Native
and

Foreign

$14,637

9.37

10.68

41. 69

25.01

48.05

3.83

2.26

28.51

81.41

N.A.

1,280
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TABLE 3.3
Regression Analysis of Earnings for Native- and
Foreign-Born Filipino Males, Aged 25-64 in 1979

EDUC

EXP

EXPSQ

FOR

FOR*YSM

FOR*YSMSQ

FOR*EXP

FOR*EXPSQ

FOR*EDUC

LN WEEKS

DIS

NI

MS

CONSTANT
N
R2

F

Native and
Foreign Born

[Model (2.1»)

.02719*
(4.76)

.02294*
(3.92)
-.00045*

(-4.13)
-.47223*

(-6.86)
.03813*

(4.13)
-.00053*

(-2.32)

1.05620*
(21.71)
-.55129*

(-4.79)
-.07014*

(-1.85)
.22713*

(4.97)
4.73721
1,280
0.4028
85.60

Native and
Foreign Born

[Model (2.10»)

.06113*
(5.76)

.03757*
(4.02)
-.00055*

(-2.83)
.65767*

(3.02)
.04491*

(4.82)
-.00064*

(-2.76)
-.03705*

(-3.00)
.00036

( 1.51)
-.05011*

(-3.99)
1.03702*

(21.43)
-.54257*

(-4.75)
-.07159*

(-1.91)
.19849*

(4.36)
4.17748
1,280
0.4175
69.82

Foreign
Born

[Eq. (2.9»)

.01238*
(2.75)
.00044

(0.01)
-.00018

(-1.24)

.04525*
(4.54)
-.00065*

(-2.63)

1.00778*
(15.65)
-.60041*
(-2.63)

.00942
(0.17)

.26833*
(3.44)
4.85647

663
0.4382
56.60

Native
Born

[Eg. (2.8»)

.06111*
(6.08)

.03896*
(4.38)
-.00057*
(-3.11)

1.07907*
(14.44)
-.51404*
(-4.05)
-.15143*
(-3.07)

.14720*
(2.70)
4.06143

617
0.3685
50.76

Notes: T-ratios in parentheses. [*) implies significant at the 5
percent level (one-tailed test). Dependent variable is natural logarithm
of annual earnings. The control vector include marital status, health,
natural logarithm of weeks worked in 1979 and a rural-urban dummy that
indicates whether respondent lives in the Neighbor Islands or on the
island of Oahu.



Variables

EDUC

EDB

EDA

EXP

EXPSQ

EXPB

EXPBSQ

EXPA

EXPASQ

FOR

MS

NI

LNWKS

DIS

YSM

YSMSQ
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Table 3.4
Definitions of Variables

Definitions

Years of schooling completed

Education acquired prior to migration

Education acquired since migration

Potential labor market experience
measured as (age - education - 6) or
(age - education -5)

Square of EXP

Experience acquired prior to migration

Square of EXPB

Experience acquired since migration

Square of EXPA

=1 if foreign-born, 0 otherwise

=1 if married with spouse present, 0
otherwise

=1 if person lives in the Neighbor
Islands, 0 if person lives on Oahu

Natural logarithm of weeks worked in a
year

=1 if person has a health condition which
limits the amount or kind of work she
can do, 0 otherwise

Years Since Migration

Square of YSM
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Figure 3.1

Predicted Earnings of Hawaii-born and
Foreign-born Filipino Men in Hawaii
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Appendix 3.1

Chiswick's (1978a) Procedure for Estimating the
"overtaking" or "Crossover" Point

The procedure that chiswick used in his (1978a) study
to estimate the time after arrival at which immigrants'
earnings equal the earnings of demographically comparable
natives is as follows:

First, Chiswick estimated "model 3-1" [in chapter 3]
on a pooled sample of native and foreign-born adult white
men (from the 1970 U.S. Census of Population) producing the
following regression equation:

ln w = -1.00016 + 1.10169*lnWW - .17080*RURALEQI -

.12530*SOUTHEQI - .30947*NOTMSP + .07004*EDUC +

.03071*EXP -.00050*EXP2 - .16359*FOR +

.01461(FOR)*(YSM) -.00016*YSMSQ.

Chiswick then computed a ln w/aFOR and
the following:

obtained

a ln w/aFOR = -.16359 + .01461*YSM -.00016*YSMSQ,

where ln w represents the natural logarithm of annual
earnings, FOR is a dummy variable identifying the foreign
born from the native-born, YSM measures years since
migration of the foreign-born and YSMSQ is the square of
YSM.

Subsequently, Chiswick substituted different values of
YSM into a In w/aFOR and found that a In w/aFOR ~ 0 at
YSM = 13.1, from whence he came up with the conclusion that,
"other things the same, the earnings of the foreign-born
equal [that of the native-born] after about 13 years [in the
U.S.]."
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Appendix 3.2

Determining the Bias in the Least Squares Estimators When
Relevant Variables are omitted from the Regression Equation

Suppose the correct specification of the regression
equation is

(3-16) y.
I {31 + {32X2i + {33X3i + ... + {3KXKi + {3K+,XK+l.i +

{3K+2XK+2.i + {3K+3XK+3.i + €i'

but what is estimated is

(3-17) y.
I

The normal equations for (3-17) are [see Kmenta 1986,
pp. 395-396]

=
=

=

{3, n + {32L.X2i + {33L.X3i +... + {3KL.XKjt
{3, L.X2i + (32L. (X2i) 2 + {33L.X2iX3i + ... + {3kL.X2iXKi,

The first equation in the least squares equation can be
written as

(3-18)

where and x (k=2,3, •.• ,K).

Substitution of (3-18) into the remaining normal equations
gives

mn = m22{32 + m23{33 +
mY3 = m23{32 + m33{33 +

where
and

mYk = L.i (Yj-Y) (Xki-X)
mjk = L.j (Xji-Xi ) (Xki-Xk) (j,k=2,3, •.. ,K)



These equations can be solved for ~2' ~3' ... '~K.
of three explanatory variables (i.e., K=4), the
~2 is
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In the case
solution for

fin m23
fin m33
fi24 m34

From (3-16) , [for K=4J I

E(mY2) m22(32 + m23~3 +
E (my3) = mn(32 + m33~3 +
E (my4) m24(32 + m34~3 +

so that E (~2) in (3-19 ) is

+ m27~71
+ m37~71
+ m47~71

{3, *

m:: m:3 m:~

m~3 m" m3~

m14 m3~ m~

m:J m~, m~4

m" m" m34 0
m3~ m3~ m~

m" m:J m:~

ffi:-'l m" m~

m~4 m34 m~

m:7 m:!.., ffi:!.;

m73 m33 m3~

m74 m34 m~

+ ., . + {37 *
m:!:! m:!., m:4
m:J m" m3~

m:!4 m34 m~

Note that the coefficient of (35 is exactly the same as the
formula of the least squares coefficient of X2i in the
equation
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Similarly, the coefficients of ~6 and ~7 are exactly the
same as the formula of the least squares coefficients of X2i
in the following equations:

The equations show that the omitted explanatory
variables Xs, X6 and X7 are each "regressed" separately on
the three included explanatory variables X2 , X3 and X4 •

The extension to cases involving more than four
"included" explanatory variables (Le., K > 4) is laborious
but straightforward.
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CHAPTER 4

ENGLISH LANGUAGE ABILITY AND OCCUPATIONAL ATTAINMENT OF

MALE ASIAN IMMIGRANTS: A REEXAMINATION OF THE

APPLICATIONS OF THE MULTINOMIAL LOGIT MODEL

4.1 Introduction

Substantial research has increasingly been directed

towards studying the effects of English language ability on

the labor market opportunities of immigrants in the U.S. 1

Although much of this research is still focused on the

relationship between English language fluency and earnings,

many of the new studies in this area have shifted their

focus by examining the effects of English language ability

on the occupational outcomes of immigrants.

Accordingly, the multinomial logit model has been the

favorite tool of many of the studies that examine the

effects of English language ability on the occupational

attainment of immigrants. The multinomial logit procedure

used by these studies usually runs as follows:

(1) The multinomial logit model is estimated for a

sample of foreign-born men or women.

(2) The multinomial logit results are presented in

probability form:

I Se e , for example, Chiswick (1991a), Kossoudji (1988), Tainer
(1988), Grenier (1984) and McManus, Gould and Welch (1983).
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for j=1, .• J,

where ~ is the probability of employment in occupational

category j, X is a vector of explanatory variables upon

which employment in the J occupations depend, and ~J=O.

(3) Predicted probabilities of employment in each

occupation are computed by sUbstituting the mean values of

the explanatory variables into the Pj equations given in

step 2.

(4) The effects of English language ability on

occupational outcomes are tabulated by substituting

different values of the English language variable in the ~

equations while holding the other variables at their mean

values.

(5) From the results in steps 3 and 4, researcher then

makes inferences about the effects of changes in the levels

of English language ability on the foreign-born's

probability of being in each occupation, like making the

conclusion that "greater language ability pushes Asians

towards service work proportionately more than Hispanics"

(Kossoudji 1988) or that "English proficiency increased the

probability of expecting self-employment among Korean men,

contrary to what has been suggested by other studies" (Asis

1991) .
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In this brief study, I use the multinomial logit model

to examine the effects of English language ability on the

occupational attainment of male Asian immigrants in Hawaii.

However, I proceed with the analysis by first showing that

the above multinomial logit procedure--which has been

employed by many studies in the past--is likely to produce

misleading results. I then present a "new approach" of using

the multinomial logit model that avoids the problems that

are encountered by the above procedure.

This study is organized as follows: section 4.2

discusses some of the limitations of the multinomial logit

model. It also gives a detailed presentation of how the

multinomial logit model is used by researchers to make

inferences about the behavior of the population being

studied. section 4.3 presents a "new approach" for the use

of the multinomial logit model. The procedure developed in

section 4.3 is applied to Hawaiian data in sections 4.4 to

4.7 to study the effects of English language ability on the

occupational attainment of male Asian immigrants in Hawaii.

Lastly, section 4.8 presents the summary and conclusions of

the study.

4.2 Limitations of the Multinomial Logit Model

Consider the following multiple linear regression

model:

(4-1) Z = a + bX + cY.
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Suppose I set X and Y equal to their means in the

sample and then substitute these values of X and Y into

(4-1). Denoting the mean values of X'and Y by X and Y and

the new value of Z by Z, I get:

(4-2) Z = a + bX + cY.

Since X and Yare the means of X and Y, then (4-2) can
be rewritten as:

(4-3 ) Z = a + b ( rx, + X2 + ... + XN] IN) +

c([Y\ + Y2 + •.• + YN]/N),

where Xi and Yj represent the values of X and Y for the ith

respondent in the sample and N represents the number of

respondents in the sample.

Since a can be written as (a*N)/N, then (4-3) can be

written alternatively as:

(4-4)

(4.5)

Z = [(a + bXl + cY\) + (a + bX2 + cY2) +

... + (a + bXN +cYN)]/N,

where Zj is the estimate of (4-1) for the ith respondent in

the sample.

Hence, it is seen from (4-5) that evaluating (4-1) at

the mean values of X and Y is like evaluating (4-1) for each

respondent in the sample, and then summing the results and

computing the average value.
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Now, suppose that one of the variables is allowed to

vary about its mean while holding the other variable

constant at its mean value. What effect will this have on

the value of Z? For example, suppose I let the value of Y

vary by ~ from its mean value while holding the value

of X at its mean value. Denoting the new value of Z by Z·, I

get:

(4-6) Z· = a + bX + c(Y+1).

sUbtracting Z from (4-6) results in:

(4-7) Z· - Z = [a + bX + c(Y+1)] - [a + bX + cY]

= c.

Note, however, that the starting values of X and Y do

not matter; the increase in Z per unit increase in Y is

always the same. By similar reasoning, b is the increase in

z per unit increase in X. The coefficients band care

sometimes referred to as additive effects, that is, b is the

additive effect of a one unit change in X on Z and c is the

additive effect of a one unit change in Y on Z.

It is easily shown that the above property also follows

in multiple linear models that have more than two

explanatory variables.

This simple demonstration illustrates that the

procedure of substituting the mean values of X and Y into

(4-1) or substituting different values of X or Y into
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(4-1) while holding the value of the other variable constant

at the mean level is very much useful because such an

exercise provides the researcher with a good indication of

how the direction and the magnitude of the dependent

variable changes in relation to changes in the values of the

explanatory variables.

To continue with this discussion, suppose that maximum

likelihood estimation produces the following binary logit

model:

(4-8) log Pj1-P = a + bX + cY,

where P is the probability that dichotomous variable Z

takes on the value 1 and 1-P is the probability that Z takes

on the value o.

The quantity Pj1-P is called the odds, denoted more

concisely by n, and the quantity log [P/1-P] is called the

log odds.

In log odds form, the model is presented as follows:

(4-9) log n = a + bX + cY.

It is easily shown that the effects of X and Y on log n

is just the same as the effects of X and Y on Z in (4-1).

That is, b is the additive effect of a one unit change in X

on the log odds and c is the additive effect of a one unit

change in Y on the log odds.
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Now, what are the effects of the predictor variables on

the odds itself. By taking the exponential of both sides of

(4-9), I get:

(4-10 ) n e3+bX+cY

Suppose I increase Y by one unit, holding X constant.

Denoting the new value by n',

( 4-11) n' = e 3+ bX+ c(Y+1l

= e3+bX+cY e C

which can be written alternatively as:

(4-12)

Note that no matter what the starting values of X and Y

are, a one unit increase in Y, holding the other predictor

variable constant, multiplies the odds by the factor e C
• By

similar reasoning, a one unit increase in x, holding the

other predictor variable constant, multiplies the odds by

e b
• The quantity e b is referred to as the multiplicative

effect of a one unit increase in X on the odds that P(Z=l).

Equivalently, the quantity e C is the multiplicative effect

of a one unit increase in Y on the odds that P(Z=l). Thus,

when the log odds is the dependent variable, the logit model

is no different from ordinary mUltiple regression, but when

the odds is the dependent variable, the logit model is a
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"multiplicative" model. In both cases, substituting

different values of X or Y into (4-9) or (4-10) while

holding the other variable constant at the mean level is

useful because such an exercise gives information on the

"additive" change in Z (from 4-9) or the "multiplicative"

change in Z (from 4-10) that correspond to changes in the

values of X and Y.

What are the effects of the explanatory variables on

the risk P itself? To see this, I solve for P in (4-8).

Thus,

(4-13) P = II [l+e-(a+bx+cY)]

The effect on P of a one unit increase in Y, holding X

constant is:

(4-14) p. = 1/ (l+e-la+bX+c(Y+l)]) •

Both the difference, p._p (representing the additive

effect), and the ratio, p·/P (representing the

multiplicative effect), are functions not only of c but also

of a, b, X and Y. Terms in a, b, X and Y do not cancel as

nicely as they do in the case of the log odds (where all

that remains in the difference is b) or the odds (where all

that remains in the ratio is e b
• Both the additive effect

and the multiplicative effect of a one-unit change in Y on P

depend on the levels of X and Y. However, it is seen from

(4-13) that a unit increase in X or Y causes the value of P
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to increase because the exponential function is a

monotonically increasing function. Thus, if band care

positive then a unit increase in X or Y will always produce

a p*-p that is always greater than zero or a P"/P that is

always greater than 1. However, the actual magnitude of

P"-p or P"/P will not always be the same for different

values of X and Y because the actual magnitude of these

quantities will also depend on the starting values of X and

Y.

Thus, because the effects of the explanatory variables

on P are not as simple as the effects on 0 or log 0, logit

regression results are usually presented as effects on n or

log n (Retherford and Choe 1990).

Now, consider the multinomial logit model. Suppose that

~ = 1 if category j is chosen (j=1,2,3)

= 0 otherwise.

Suppose also that maximum likelihood estimation produces the

following:

(4-15 )

(4-16 )

(4-17)

where the logarithms are the natural logarithms and

the probability associated with category j.

p. is
J
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The quantities P I/P3 and P2/P3 are commonly referred

to as "odds" although one should probably think of them as

"improper odds".

The regression literature recognizes that the

interpretation of the coefficients of the multinomial logit

model is fraught with difficulties. For example, suppose

that c i is positive in (4-15). Then a one unit increase in Y

(from Y to Y+1) causes the log (PdP3) to increase by c.;

When log (PI/P3) increases, the ratio PI/P3 also increase

since log (PdP3) is a monotonic increasing function of P1/P3 •

However, when PI/P3 increase it does not necessarily follow

that PI also increase, PI could actually decrease. This could

happen when both PI and P3 decrease but the proportionate

decrease in P3 exceeds the proportionate decrease in PI

(Retherford and Choe 1990).

The preceding discussion is important because it opens

the possibility that variables whose coefficients are not

significantly different from zero in (4-15) and (4-16) could

have a significant effect on the ~'s even though they do

not have a significant effect on log (P1/P3) or log (P2/P3 ) .

To illustrate this possibility, suppose that the coefficient

c 1 is not significantly different from zero in (4-15).

Hence, a unit increase in Y does not cause a significant

change in log (P J/P3 ) . However, one cannot argue that because

log (PI/P3) did not change, then PI and P3 did not change

also. In fact two other things could happen. First, both PI
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and P3 experience about the same proportionate increase; and

second, both PI and P3 experience about the same

proportionate decrease. In sum, log (P1/ P3) or PdP3 can

remain the same while PI and P3 can both significantly

increase or decrease.

The above result has important implications for studies

that use the multinomial logit model because most of these

studies simply ignore the effects on the ~s of variables

whose coefficients are not significantly different from zero

in the "log odds" equations. The strategy adopted by these

studies is risky because the above result shows that it is

possible for variables to have a significant effect on the

~s even if their coefficients are not significantly

different from zero in the "log odds" equations. Hence, it

is possible that these studies may have missed some

important results or that these studies may have produced

misleading conclusions.

These possibilities also make it very difficult to

interpret the coefficients of the "log odds" equations of

the multinomial logit model when the number of response

categories exceed three. with more than three categories,

the process of determining the correct direction and

magnitudes of the effects of the different variables on the

~s becomes increasingly wieldy, and perhaps even futile

since it is possible for the effects to go in both

directions and for variables to significantly affect the ~s
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even if their coefficients are close to zero in the "log

odds" equations.

Because of these problems some authors have emphasized

that the analysis of multinomial logit results should focus

directly on the effects of the predictor variables on the

probabilities associated with the different categories. I

now proceed to show that the method suggested by these

authors is inappropriate when applied to the multinomial

logit model.

The procedure that is usually followed by many

researchers in evaluating the results of the multinomial

logit model is as follows:

The equations in (4-15), (4-16) and (4-17) are

rewritten as:

(4-18 )

(4-19 )

(4-20)

PI P3*e xp (a ,+b ,X+c ,Y)

P2 = P3*exp (a2+b2X+c2Y)

P3 = P3*exp (a3+b3X+c3Y) ,

Since PI + P2 + P3 = 1, the above equations are transformed

into the following:

(4-21)

(4-22 )
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1
(4-23)

SUbsequently, the effects of the predictor variables on

the probabilities associated with the three categories are

estimated from the above equations as follows:

(1) The mean values of X and Yare substituted into

(4-21), (4-22) and (4-23) to obtain initial values for PI' P2

(2) The effects of X or Y on PI' P2 and P3 are measured

by allowing X or Y's value to vary about the mean while

holding the other variable constant at its mean value. For

example, the effect of Y on PI is measured by sUbstituting

different values of Y into (4-21) while holding the value of

X at its mean value.

However, I have three objections to the above

procedure:

(1) First, the initial values of Pi' P2 and P3 that are

obtained when the mean values of X and Yare substituted

into (4-21), (4-22) and (4-23) are of little use because

these initial values of P do not necessarily correspond to

the proportion of individuals in the sample who have chosen

or who belong to categories 1, 2 and 3. 2

~Later in this discussion, I show by means of an example that the
initial values of the ~s--that are obtained when the means of the
predictor variables are substituted into the different probability
equations of the multinomial logit model--are not necessarily equal to
the actual proportion of observations that are found in the different
categories.
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(2) Second, these initial values of PI' P2 and P3 cannot

be compared at all with other values of PI' P 2 and P 3 (that

correspond to other values of X and Y) because the effects

on the choice probabilities of the predictor variables in a

multinomial logit model are nonlinear.

(3) Third, substituting different values of one variable

into (4-21), (4-22) and (4-23) while holding the other

variable constant at its mean value does not in any way

measure the "constant" effect of that variable on the PjS

because when the ~s are the response variables, the

multinomial logit model is neither an "additive" model nor a

"multiplicative" model. That is, the information that can be

had by such an exercise--of substituting different values of

one variable into (4-21), (4-22) and (4-23) while holding

the other variable constant at its mean value--is no more

useful than replicating such an exercise for other values of

X and Y because it does not in any way provide any clue as

to how the ~s will vary for other values of X and Y.

To explain these points in detail, consider (4-21).

What is the effect on PI of a one unit increase in Y,

holding X constant? Denoting the new value of PI as PI>' I

get:

(4-24)

or simplifying, I get:
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Now,

(exp[al+b,X+cdY+1) 1)+(exp[a~+b~X+c~(Y+1) 1)+1
exp (al+bIX+c,Y)

and

(4-27)

Both the difference Plo-P I (representing the additive

effect) and the ratio Plo/PI (representing the

multiplicative effect), are functions not only of c l but

also of aI' bit a2' b2, c2, X and Y. It is seen in (4-26)

and (4-27) that terms do not cancel nicely in both Plo-P I

and the ratio PI·/P l • Thus, both the additive effect and

the multiplicative effect of a one unit change in Y depend

on the levels of X and Y and the other parameters of the

model. By similar reasoning, the effect of X, holding Y

constant, on P2 or P3 is neither "additive" or

"multiplicative".

The nonlinearity of effects on choice probabilities can

also be established by taking the partial derivative of ~

(j=1,2,3), with respect to one of the independent

var iables, say X. Def ining a 3 = b3 = c 3 = 0, I obta in the

follovling:



(4-28) a p/ax =

or as,

3
exp (a.+b.X+c.Y) [2:. 1 (b.-b.) exp (a.+b.X+c.Y) ]

J J J ,= J I I I I
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for j=1,2,3.

The equations in (4-29) show that the effect of a

change in X on the probability of the response ~=1 is

clearly not determined by ~. The coefficient ~ does not

determine the direction of the effect nor does it determine

the magnitude of the effect. 3 In fact, (4-29) reveals that

it is possible for a ~/ax to be significantly positive (or

negative) even if ~=o. This latter result confirms the

observation discussed earlier that it is possible for

variables whose coefficients are not significantly

different from zero in (4-15) and (4-16) to have a

significant effect on the ~s even though they do not have a

significant effect on log (PI/P3) or log (PZ/P3 ) .

The above illustration shows that sUbstituting the mean

values of X and Y into (4-21), (4-22) and (4-23) or

substituting different values of X or Y into (4-21), (4-22)

and (4-23) while holding the value of the other variable

constant at the mean level is not in any way useful because

the ~ values that are derived from such an exercise

3The r e are some situations, however, where ~ can determine the
direction of a ~/ax. For example, it is seen from (4-29) that if ~ is
positive and bj is greater than b i for all ir:j, then a p/ax>o.
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correspond only to the mean values of X and Y; they do not

in any way give clues or information as to how the magnitude

and direction of ~ values--that correspond to other values

of X and Y--change. What I am saying here is that the

results that are obtained when the sample means of the

variables are substituted in the "probability" equations do

not in any way "authorize" the researcher to make some kind

of deductive reasoning that because "such and such" behavior

holds for the "average person" then it must also apply to

the other persons in the group where that average person

comes from because there are no "provisions" in the model

that "authorize" the researcher to make such a conclusion.

Of course, it is possible that the results that are obtained

for the average person is really a true description of the

experiences of the whole group from whence that average

person originates but the validity of such a conclusion

cannot be established from results that are produced when

the sample means of the explanatory variables are

substituted into the probability equations of the

multinomial logit model because there are no "provisions" in

the model that authorize one to make such a conclusion.
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4.3 A New Approach

I now discuss a new approach for the multinomial logit

model that avoids many of the problems that plague the "old"

prrocedur-e ."

Suppose that a multinomial logit model of the form

given in (4-15), (4-16), (4-17) is fitted by maximum

likelihood estimation to a sample consisting of N

individuals. Suppose further that ~ and ~ are the values of

X and Y for the ith individual in the sample.

Now, consider the ~s in (4-21), (4-22) and (4-23).

What is the ith individual's probability of being in PI?

Denoting this value by P l i , I get:

(4-30) Pli

What is the effect on P l i of a one unit increase in Yj ,

holding Xi constant? Denoting the new value by Plio, I get:

Accordingly, Plio-Pli represents the change in Pli from a one

unit increase in Yi •

Now, the average change in PI; from a one unit increase

in Yj for all the individuals in the sample is given by:

41 use the term "old" procedure to refer to the multinomial logit
procedure discussed in section 4.1 and section 4.2.
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(4-32)

The expressions in (4-32) are intuitively appealing.

First, what is ~Pli? ~PIi is simply the predicted number of

individuals that are in category 1. The presence of the

constant terms in (4-15) and (4-16) ensure that ~Pli is

identical to the actual number of respondents that are in

category 1. 5

On the other hand, what does ~Pli· represent? This

quantity is better understood by assuming that there is a

hypothetical sample and that this hypothetical sample is

composed of individuals that are "clones" of individuals

that compose the original sample except for the fact that

the Y values of the "clones" has been increased by 1. Thus,

~PI: represents the predicted number of this hypothetical

sample that are in category 1.

The questions to ask next are obvious: First, is it

worthwhile to estimate the expressions in (4-32)? And

second, is it possible to estimate the expressions in

(4-32)?

The answer to the first question is a resounding yes.

Estimating ~Pli· - ~Pli gives the researcher an idea of how

the frequencies in category 1 change if one of the

attributes of all the individuals in the sample is

SIf one of the predictor variables in (4-15), (4-16) and (4-17) is
a dummy variable, say, sex, then the predicted frequencies and actual
frequencies will be identical for each of the two sex groups in each of
the three response categories (see Maddala 1983, pp. 34-37).
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"uniformly" changed. This process is especially useful in

occupational segregation studies. For example, consider the

model given in (4-15), (4-16) and (4-17). Suppose the

response categories represented occupations and the variable

Y represented sex. Suppose further that the researcher

wants to know how the occupational distribution of the

female sub-sample will change if they had all been males

but that they retain their other characteristic (such as

years of schooling if X represents years of schooling). To

obtain an answer to this query, all the researcher has to do

is to proceed with the following steps: First, the value of

the variable Y for each female individual in the sample is

changed to the value that corresponds to being male.

Second, the observations in the "hypothetical" sample

(excluding the males in the original sample) are substituted

into (4-21), (4-22) and (4-23) producing for each individual

in the "hypothetical" sample a vector of predicted

probabilities of being in the three occupational categories.

Third, the predicted probabilities of being in each

occupation are summed over observations to produce the

predicted distribution of the "hypothetical" sample across

the three occupational categories. And fourth, the predicted

distribution obtained in the third step is then compared

with the actual occupational distribution of the female sub

sample. This fourth step should provide the researcher with
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the information that he needs--a measure of the effects of

sex on occupational attainment.

The answer to the second question is also a resounding

yes. The expressions in (4-32) are not difficult to

estimate. In fact, they are fairly simple to calculate with

the use of either SAS or SPSS. 6

To make this discussion less "mathematical", I use

immigrant data from Hawaii to show by means of actual

examples the limitations of the multinomial logit model as

well as provide a situation where use of the "new approach"

is fairly appropriate.

4.4 Description of the Data

The data for this study are drawn from the Public Use

Microdata Samples for Hawaii (PUMS) of the 1980 U.S. Census

of Population and Housing.? The population under study were

restricted to foreign-born Asian males in the sample who

were aged 18-65, who worked at least one week in 1979, who

were not in school, in the military or retired and who

reported earnings in 1979 from wages, salary and self-

employment.

6I show an example of a SAS program in Appendix 4.1 which
calculates the expressions given in (4-32). [See SAS Institute Inc.
(1989) for specific details pertaining to the SAS program.)

7The PUMS A (5% random sample) and PUMS 8 (1% random sample) were
combined to produce more cases for analyses. Duplicates were identified
and excluded from the analyses.
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The mean values of the variables are presented in

Table 4.1.

4.5 The Multinomial Logit Model

I use the multinomial logit model to study the effects

of English language ability on the occupational attainment

of Asian immigrants in Hawaii. The analysis that follows has

two objectives: First, it attempts to show by means of

actual examples the limitations of the "old" procedure,

especially in relation to how the "old" procedure is used to

make inferences about the behavior of the population being

studied. Its second objective is to use the "new approach"

outlined in the previous section to measure the effects of

English language ability on the occupational attainment of

Asian immigrants in Hawaii.

The response categories of the multinomial logit model

are the following occupational categories: (1) menial; (2)

blue collar (includes craftsmen and operatives); (3) white

collar (sales and clerical); and (4) professional, technical

and managerial. 8 In addition, the explanatory variables in

the model are the following: ED (years of schooling

completed); EXPB (years of pre-migration experience); YSM

(years since migration); MS (=1 if married with spouse

present, 0 otherwise); DIS (=1 if person has a health

8The s e groupings are based on Schmidt and Strauss' (1975) groupings
of major two-digit census occupational categories.
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condition which limits the amount or kind of work person can

do, 0 otherwise);9 NI (=1 if person lives in the Neighbor

Islands, 0 otherwise [respondent lives on Oahu]); CTZ (=1

if the respondent is a citizen, 0 otherwise); VERYWELL (=1

if person has no difficulty speaking English [includes

persons who speak only English or speak only English at

home], 0 otherwise); WELL (=1 if person has only minor

problems with the English language and which do not

seriously limit her ability to speak English, 0 otherwise);

and the reference category for the dummy language variables

is POOR (POOR=l if person is seriously limited in her

ability to speak English [includes persons who do not speak

English at all], Ootherwise).10

4.6 Empirical Results

The multinomial logit results in Table 4.2 provide

little information about the effects of English language

ability on the occupational attainment of Asian immigrants

because most of the coefficients pertaining to the English

language ability variables are not significantly different

from zero. The results, however, show that, other things the

same, those who speak English very well are more likely to

9Th e actual disability question ask:; \l~ether person had a physical,
mental or other health condition which has lasted for 6 or more months
and which limits the kind or amount of work which person can do at a
job.

WThe choice of these explanatory variables follow from the works of
Gabriel (1991), Polachek (1981), Brown et ale (1980), Schmidt and
Strauss (1975) and Fujii and Mak (1985).
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be in professional, technical and managerial occupations

than in menial occupations relative to those who speak

English poorly.

since the coefficients in Table 4.2 do not present any

means of measuring the effects of English language ability

on the occupational outcomes of Asian immigrants, I now use

the "old" procedure to determine if it provides a better

framework for analyzing this problem. Briefly, the "old"

procedure is as follows:

(1) The equations in Table 4.2 are presented in the

form:

aj+bjED+CjEXPB+dp I S+ejN I + fjWELL+gyERYWELL+ hjMS+ i jYSM+kjCT Z
e

(4-33) Pj

aj+bjED+cjEXPB+dp IS+epI +fjWELL+gjVERYWELL+hjMS+ ijYSM+kjCTZ
}:;je

(2) The probabilities of being in each of the four

occupational categories are computed by evaluating (4-33) at

the sample means for all the variables, and for all three

permutations of the WELL and VERYWELL variables while

holding the other variables at their mean values.

The results of the "old" procedure are shown in Table

4.3. They show that the "average Asian immigrant" has a 35%

probability of being employed in a menial job, 49.7%

probability of being employed in a blue collar job, 7.6%

probability of being employed in a white collar job and 7.7%
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probability of being employed in a professional, technical

and managerial job.

What conclusions or information can be gained from the

results in Table 4.3? As I have already explained before,

not much. The information that is contained in Table 4.3

applies only to the "hypothetical" average immigrant; it

does not say anything about the actual or expected

occupational probability distribution of the respondents in

the sample nor does it give any clue as to the magnitude or

direction of changes in the ~s of other respondents in the

sample with changes in the levels of their English

proficiency.

That the results in Table 4.3 is unrelated to the

actual occupational distribution of the respondents in the

sample is easily seen by examining the results in Table 4.1

where it is shown that the actual occupational distribution

of the immigrants is very different from the predicted

probabilities in Table 4.3.

The results in Table 4.4 supports the argument that the

results in Table 4.3 apply only to the "hypothetical"

average immigrant. For example, Table 4.4 reveals that a

very different set of probability estimates emerge when

other values of the explanatory variables are sUbstituted

into (4-33) which means that the results in Table 4.3 are

not indicative of the behavior of the other respondents in

the sample. In addition, Panel A and Panel B of Table 4.4
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show that the ~s do not change in a constant or

predictable pattern which implies that the results in Table

4.3 cannot be used at all to make inferences about how the

sample or group as a whole will respond to changes in the

explanatory variables.

4.7 using A New Approach

I now use a IInew approach ll to measure the effects of

English language ability on the occupational outcomes of

immigrants. The procedures that I follow in this new

approach to facilitate the analysis are as follows:

(1) The equations in Table 4.2 are transformed into the

form given in (4-33).

(2) The predicted occupational distribution of the Asian

immigrants in the sample is computed from (4-33) as follows:

i) the probability equations are used to produce for

each respondent a vector of predicted probabilities of

belonging in each occupational category;

ii) the predicted probabilities of being in each

occupation are summed over observations to produce the

expected occupational distribution across occupations.

(3) The effects of English language ability on the

occupational outcomes of immigrants are measured by

"adjusting" the value of the English language variable for

each immigrant while holding the values of the other
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variables at their original values. Briefly, the procedure

is as follows:

i) the value of the English language variable is

"adjusted" for each immigrant to reflect the level of

English language ability that is desired while holding the

values of the other variables at their original values;

ii) the modified observations are substituted into

the probability equations in (4-33) to produce for each

respondent a vector of predicted probabilities of belonging

in each category;

iii) the predicted probabilities of being in each

occupation are summed over observations to produce the

expected occupational distribution across occupations.

The expected occupational distribution that is obtained

in step (3) reflects the occupational distribution that is

predicted for the immigrants if all of them had the same

level of English ability, say, they could all speak English

very well, but that all their other individual

characteristics are the same as before.

The results of the "new approach" are displayed in

Table 4.5. It shows that English language fluency has the

effect of increasing the numbers that are employed in

professional, technical and managerial occupations while

decreasing the numbers employed in menial occupations. The

figures in the table show that from "English poor" to

"English very well", the percentage employed in menial
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occupations declined by 5.45% while the percentage employed

in professional, technical and managerial occupations

increased by 4.45%. However, the table reveals that English

language fluency does little to change the predicted numbers

that are employed in blue collar and white collar

occupations.

The actual distribution of the Asian immigrants in the

sample and their distribution when they are all assumed to

speak English very well is not much different. The figures

in Table 4.5 show that the assumption that all of the

immigrants in the sample can speak English very well effect

only a 2.23 percent shift from menial and blue collar

occupations to white collar and professional, technical and

managerial occupations on the actual occupational

distribution of the immigrants. Thus, this result implies

that if a language program or activity is initiated to

improve the English language skills of the immigrants then

such a program may only be marginally useful since it would

only effect a slight change in their occupational

distribution.

4.8 Summary and Conclusions

This study has employed the multinomial logit model to

examine the effects of English language ability on the

occupational outcomes of Asian immigrants in Hawaii. The

study sought to achieve two objectives: The first objective
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is to show the limitations of the multinomial logit model

and the second objective is to use a "new approach" to

measure the effects of English language ability on the

occupational outcomes of Asian immigrants in Hawaii.

Limitations of the Multinomial Logit Model

The results of this study has important implications

for studies that use the multinomial logit model but who

chose to ignore the effects on the choice probabilities of

variables whose coefficients are not significantly different

from zero in the "log odds" equations. This study

demonstrates that the strategy adopted by these studies is

risky because it is possible for the variables to have a

significant effect on the choice probabilities even if

their coefficients are not significantly different from zero

in the "log odds" equations. Hence, this study concludes

that it is possible that these studies may have missed some

important results or that these studies may have produced

misleading conclusions.

English Language Ability and Asian Immigrants

The analysis showed that there would have been only a

slight change in the actual occupational distribution of the

Asian immigrants being examined in this study if all of them

could speak English very well. Hence, this study concludes

that if a language program or activity is initiated to

improve the English language skills of male Asian immigrants

in Hawaii then such a program may only be marginally useful
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since it would only effect a slight change in their

occupational distribution.

In addition, the actual examples that are used in this

study demonstrate that results that are obtained when a

model is evaluated at the sample means of the explanatory

variables do not automatically "authorize" the researcher to

conclude or infer that such results reflect on the sample or

group as a whole. The study concludes that the researcher

should only make such predictions after making sure that the

specific model that is being used has provisions that

authorize the researcher to make such deductive predictions,

otherwise such predictions are no more reliable than asking

a person on the street how he would respond if he were

confronted with a certain situation.
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Table 4.1
Mean Characteristics of Asian Immigrants in the Sample

Mean

Education
Pre-migration Experience
Married, spouse present (%)
Percent Living in Neighbor Islands
Percent wi Health Disability
Percent who speak English VERY WELL
Percent who speak English WELL
Percent who speak English POORLY
Year Since Migration
Percent u.S. citizen
Age
Percent Employed in Menial Occupations
Percent Employed in Blue Collar Occupations
Percent Employed in White Collar Occupations
Percent Employed in Professional, Technical

and Managerial Occupations
N

11.11
10.61
74.49
18.00
1. 72

42.01
38.56
19.43
13.02
50.19
38.85
31. 43
43.43
10.43

14.70
1,333



107

Table 4.2
Multinomial Logit Coefficients on English Language Ability

VARIABLE In[P1jP4] In[P2jP4] In[P3jP4]
(1) (2) (3)

English WELL -0.33238 -0.13115 -0.33845
(-0.94) (-0.38) (-0.80)

English VERY WELL -0.69462* -0.51261 -0.47817
(-1.97) (-1.47) (-1.15)

Notes: [*] indicates significance at the 5 percent level.
T-values in parenthesis. Reference category for English
WELL and English VERYWELL variables is English POOR.

Table 4.3
Predicted Occupational Probabilities for the Average Worker

by English Language Ability

Menial Blue White Prof/Tech
Collar Collar Manager'l

English Ability at Mean Levels .3503 .4968 .0758 .0770
English Very Well .3340 .4872 .0821 .0967
English Well .3466 .5153 .0682 .0698
English Poor .3909 .4752 .0774 .0565

Notes: Probabilities were computed from (4.33) by setting other
variables at their mean values: ED=ll.ll; EXPB=10.61; YSM=13.02 MS=
0.75; NI=0.18; DIS=0.02; CTZ=0.50.
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Table 4.4
Predicted Occupational Probabilities by English Language

Ability (At Some Other Values of the Explanatory Variables)

Menial

A. other variables set at: ED=14; NI=O;
EXPB=10; YSM=19; MS=l; DIS=O; CTZ=O.

English Ability at Mean Levels .1899
English Very Well .1684
English Well .1947
English Poor .2278

B. Other variables set at: ED=ll; NI=l;
EXPB=10; YSM=12; MS=O; DIS=l; CTZ=O.

Blue
Collar

.3395
.3095
.3647
.3490

White
Collar

.1696
.1709
.1581
.1861

Prof/Tech
Manager'l

.3009
.3511
.2825
.2371

English Ability at Mean Levels
English Very Well
English Well
English Poor

.4554
.4442
.4473
.4944

.4848
.4864
.4992
.4513

.0416
.0462
.0372
.0414

.0181
.0232
.0163
.0129

Table 4.5
Predicted occupational Distribution Using

Multinomial Logit Analysis

Actual Distribution
Predicted Distribution

Predicted Dist'n if Engl.
Predicted Dist'n if Engl.
Predicted Dist'n if Engl.

Very Well
Well
Poor

Menial

31.43
31.43

29.88
31. 33
35.33

Blue
Collar

43.43
43.43

42.75
45.68
42.36

White
Collar

10.43
10.43

10.86
9.74

11. 25

Prof

14.70
14.70

16.51
13.24
11.06

Notes: Prof=Professiona1, Managerial & Technical Occupations. Actual
distribution is the actual occupational distribution of the Asian
immigrants in the sample as shown in Table 4.1.
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Appendix 4.1

Estimation Procedure for the "New Approach" Using SAS

Suppose that the parameters of the following
multinomial logit model is estimated by maximum likelihood:

log (P1/P4 ) = 7.4488 - 0.4478X - 0.4741Y - 0.0352Z

log (P2/P4 ) = 6.9140 - 0.4455X + 0.2720Y - 0.0222Z

log (P3/P4 ) 2.1971 - 0.1445X - O. 0673Y - O. 0085Z

What effect will it have on the actual distribution of
the respondents in the sample if the Z values of all the
respondents in the sample are increased by one unit? The
effect of such an increase may be estimated from the
following SAS program:

Assuming that the SAS data set MULTI.LOG contains the
values of X, Y and Z for each of the respondents, then the
SAS program may appear as follows

IIMORALESA JOB (6574,2M,25KI,2KL),VENBOY,CLASS=E
II EXEC SAS
llMULTI DO DSN=MORALES.MULTI.SYS,DISP=OLD
IISYSIN DO *
DATA TEST;

SET MULTI.LOG;
Zl = Z+l;
DROP Z;

DATA ADD;
SET TEST;
Z = Zl;
Sl = 7.4488 - (0.4478*X) - (0.4741*Y) - (0.0352*Z);
S2 = 6.9140 - (0.4455*X) + (0.2720*Y) - (0.0222*Z);
S3 = 2.1971 - (0.1445*X) - (0.0673*Y) - (0.0085*Z);
E1 = EXP(Sl) i
E2 EXP(S2)i
E3 = EXP(S3) i
E4 = 1;
SUM = EI + E2 + E3 + E4;
PI EIjSUM;
P2 = E2jSUM;
P3 E3jSUMi
P4 = 1jSUM;

PROC MEANS DATA=ADDi
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VAR P1 P2 P3 P4;
TITLE 'EFFECT OF A ONE-UNIT INCREASE IN Z ON THE

DISTRIBUTION OF ALL THE RESPONDENTS IN THE SAMPLE';

This program can easily be "customized" so that all the
user of the program has to do is to input the required
parameters and the results will automatically come out in
the format that is appropriate for the analysis that he
wants to do.



111

CHAPTER 5

A CRITIQUE ON THE USE OF SAMPLE MEANS

TO EVALUATE REGRESSION MODELS

5.1 Introduction

To help convey the significance of regression results,

researchers often make statements about the relative

importance of the different independent variables in the

model or provide a way of comparing variable effects both

within and across regressions. This objective is usually

accomplished by providing a measure of the predicted changes

in the independent variables resulting from changes in one

or more of the independent variables such as the

"elasticity" which measures the effect of a percentage

change in an independent variable on the dependent variable.

However, since it is quite difficult to measure the effects

of the variables at each point in the sample, what the

researcher usually does is to choose a single point on the

sample distribution from which to evaluate the effects of

the different variables on the dependent variable. The

single point that is chosen is almost always the point of

the means of the independent variables. In linear regression

models, this practice produces very good estimates owing to

the nice properties of the linear model that the "partial

effects" are constant and the sample mean of the dependent

variable corresponds to the point of the means of the
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independent variables. However, in non-linear regression

models, this practice could lead to highly misleading

results because of two reasons: First, the sample mean of

the dependent variable does not necessarily correspond to

the point of the means of the independent variables. And

second, the partial effects are not necessarily constant.

When such possibilities happen in non-linear models, it is

seldom appropriate to use the point of the means of the

independent variables as the basis of reference for the

different measures because the information that is obtained

from such a practice is a poor guess of the underlying

behavior of the population as measured by the dependent

variable.

To explain why the sample mean of the dependent

variable does not always correspond to the point of the

means of the independent variables, consider Figure 5.1

which gives the graph of the simple bivariate relationship:

Y = f(X). If the relationship between Y and X is linear

then the point of the mean of X corresponds to the mean of

Y. However, if f(X) is non-linear then it is shown in the

figure that the point of the mean of X does not necessarily

correspond to the mean of Y.

To explain how the difficulties can actually arise when

the sample mean of the dependent variable does not

correspond to the point of the means of the independent

variables, consider next Figure 5.2 which gives the sampling
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distribution of the sample mean of the dependent variable Y

relative to the population mean ~ of the dependent variable

Y.

Y

Y

X'

Figure 5.1

~

Figure 5.2

X

f(Y'}

Consequently, since it is difficult to evaluate the

effects of the variables at each point in the sample, then

what the researcher needs is a point which is closest to the

parameter of interest, and in most cases this parameter of
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interest is the mean ~ of the population, which implies that

the researcher has to base his measure on the point that

corresponds to Y rather than on some other point which

corresponds to another value of Y such as Y' in Figure 5.2

which is a biased estimator of ~.

However, most researchers usually end up using the

point of the means of the independent variables as the basis

for their measure because the values of the independent

variables that correspond to Yare not always known,

especially in non-linear models. The above illustration

shows, however, that such a practice may not always be

appropriate and may even produce results that are highly

misleading.

Nonetheless, even when the sample means of the

independent variables correspond to the sample mean of the

dependent variable, that still does not guarantee that the

measured changes at the means are representative of the

behavior of the underlying population if the partial effects

are not constant because the latter implies that behavior-

as measured by the effects of the independent variables on

the dependent variable--varies from point to point. Hence,

using the measured changes at one single point to represent

the behavior of the underlying population could also be

highly misleading especially if it can be shown that the

measured changes at that single point pertains only to the

behavior at that single point and is unrelated to the
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changes at other points such as being linearly-related to

the changes in other points or being the average of the

changes [or behavior] at all the other points.

In the sections that follow, I explain these arguments

in more detail by showing how the above practice can lead to

errors in actual empirical work.

5.2 Sample Means and Regression Models

A very common practice adopted by researchers,

especially those doing empirical work in the social

sciences, is to estimate a regression model and then

evaluate the model at the point of the means of the

independent variables (for the entire sample) or to evaluate

the model at varying points about the mean of one

independent variable while holding the values of the other

independent variables at their mean levels. On the basis of

this procedure the researcher then makes inferences about

the underlying parameters of the population from which the

sample comes or explains how changes in the independent

variable affect the dependent variable. An assumption that

is implicit in this procedure is that the predicted value of

the dependent variable that corresponds to the "average

respondent'! in the sample is an adequate representation of

the predicted values of all the respondents in the sample or

that the "behavior" of the average respondent in the sample

mirrors the behavior of all the respondents in the sample.
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The method in short, uses the "behavior", as determined by

the model, of the average respondent in the sample to make

inferences on the "behavior" of the population being

studied. The fundamentally important point that I want to

raise is that in many regression models, especially

"inherently non-linear" regression models, such a procedure

is seriously flawed because in these models the predicted

value of the dependent variable that corresponds to the

average respondent in the sample is not an adequate

representation of the predicted values of the respondents in

the sample nor does the behavior of the average respondent

mirror the behavior of all the respondents in the sample.

To illustrate my point I discuss the application of

such a procedure to the linear regression model and the

binary logit model. I then examine two works in the social

science literature that demonstrate that the above procedure

cannot work in all types of regression models.

5.3 Sample Means and the Linear Regression Model

Consider the following regression model:

( 5-1)

Suppose that I evaluate this model at the means of the

independent variables for the entire sample as follows:

(5-2)
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Y should equal the mean of Y for the entire sample because

the "normal equations" property of the least squares

estimation procedure specifies that the regression

coefficients must satisfy the relation 'L.Y/n = bo + bI ('L.XI/n)

+ ..• + bk('L.Xk/n), where n is the size of the sample.

Now, suppose that Xli' X2i, ... , Xki are the values of Xl'

X2, ••• ,Xk for the ith observation in the sample. Suppose

also that there are n observations in the sample. Then

(5-2) can be written alternatively as

(5-3) Y = n (bo) In + bl (XIl+XI2+ ... +X1n) In +

b2(X21+X22+·· .+X2n) In +... +

bd Xkl+Xk2+·· .+Xkn ) In,

or as

(5-4) Y = [(bo+blXII+b2X21+ .. · +bkIXkI) +

(bo+blXI2+b2X22+· .. +bklXd +... +

(bO+bIX1n+b2X2n+· .. +bk1Xkn ) ] In.

Thus, (5-4) shows that evaluating (5-1) at the means of the

explanatory variables is just like evaluating (5-1) for each

observation in the sample, summing up the results and then

obtaining the average value of Y.

Suppose that I evaluate (5-1) at the following values:

X1+l, X2, X3f ••• ,Xk. Denoting the new value of Y by Y·, I get

(5-5 )
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Note from (5-5) that the starting values of XI' X2 , X" ••• ,Xk

do not matter; the increase in Y per unit increase in XI is

always the same, all other things held constant.

Note also from (5-3), (5-4) and (5-5) that the

difference yO_y can be written alternatively as

(5-6) yo_y = ([ (bl)+bdX,,+1)+b:X:1+ ••• +b.IXli )-(b,,+bIXII+b:X:1+••• +b"X,,)]

+ [ (bl)+bd X,:+l) +b:X::+ ••• +bllX.:) - (bl)+b,X,:+b:X::+ ••• +bllXI:) ] + ••. +

[(bll+b l (X1n+l)+b:X:n+••• +bIlX'n)-(bll+bIXln+b:X:n+ ••• +bIlX'n)] )/n.

Thus, (5-6) shows that yO_y can be interpreted as the

average change in the predicted value of Y that results from

a unit increase in XI for all the respondents in the

sample, other things the same.

The results of the above discussion can be summarized

as follows:

1. The predicted value of Y for the "average respondent"

is equal to the mean of Y for the entire sample.

2. The predicted Y of the average respondent is the

average of the predicted Ys of all the respondents in the

sample.

3. All other things the same, the increase in Y per unit

increase in any of the variables is constant.

4. The change in the predicted Y of the average

respondent due to a unit increase in one of the variables,
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say Xl' can be interpreted as the average change in the

predicted Y of all the respondents in the sample due to a

unit increase in XI for all the respondents, other things

the same.

Thus, it can be seen from the above summary that the

linear regression model has some "nice" properties that

pertain to the average respondent. I may add that, in most

instances, these nice properties can be used to make

inferences about how the population being studied "behaves"

or to explain how changes in the independent variables

affect the dependent variable.

5.4 Sample Means and the Binary Logit Model

I now discuss the binary logit model to see if the

"nice" properties of the linear regression model that

pertain to the "average respondent" also apply to the binary

logit model.

Suppose that Y is a binary variable which takes on a

value of either a or 1. Suppose also that Xu X2 , Xk are

the predictors of Y. Then the binary logit model is

specified as follows:

= where P=P(Y=l).



120

The parameters of this model are commonly estimated by

maximum likelihood method.

It can be shown that if (5-7) is estimated by the

maximum likelihood procedure then the sum of the estimated

probabilities (for each observation in the sample) is equal

to the number of observations in the sample for which Y=l.

Similarly, if the X's include a dummy variable, say, X2,

where X2 equals 1 for female and 0 for male, then the

predicted frequency will be equal to the actual frequency

for each sex group (see Maddala 1983, p.26).

Hence, if (5-7) is estimated for each observation in

the sample, and then summed and averaged as follows

then P in (5-8) should equal the proportion of observations

in the sample for which Y=l.

Solving for (bo+bIXl+b2X2+ ... +bkXk) in (5-7), the logit

model can also be written as

(5-9)

or alternatively as

The quantity P/I-P is called the odds, denoted more

concisely by n, and the quantity log [P/I-P] is called the

log odds.



121

In log odds form, the model is presented as follows:

(5-11)

Consider (5-7) above. It is easily seen from (5-7)

that, while the log odds in (5-11) are a linear function of

the exogenous variables, the probabilities themselves are

not. This property of the logit model can also be

demonstrated by taking the partial derivative of P with

respect to anyone of the exogenous variables ~:

(5-12)
exp- (bo+blXl+b2X2+ ... +bkXk)

*
[1+exp- (bo+blXl+b2X2+... +bi<Xk) ] 2

= ~P(l-P), for j=l, ... k.

Equation (5-12) describes how changes in ~ affect the

current probability P, holding all other Xs constant. The

effect of ~ on the current value of P is symmetric and

largest at the value of ~ that corresponds to P=0.5. In

addition, the closer P is to 0.0 or 1.0, the greater the

change in ~ that is necessary to effect a given change in P

(Hanushek and Jackson 1977, pp. 188-189).

Thus, it is seen from (5-12) that the effect of a

change in ~ on the probability of response Y=l is not

completely determined by ~. The sign of ~ determines the

direction of the effect, and the effect tends to be larger

the larger is ~. However, the interpretation of ~ is not

the same as in linear regression models since the magnitude
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of the effect varies with the values of the exogenous

variables. Aldrich and Nelson (1984) suggested that this

problem can be dealt with by constructing a table of

expected probabilities for different combinations of values

of independent variables. Aldrich and Nelson's approach,

however, has the obvious drawback that the table of expected

probabilities becomes unwieldy with the presence of large

numbers of independent variables.

Suppose that I evaluate (5-7) at the means of the

independent variables. Denoting the new value of P as ~m, I

get:

(5-13) ~111 = 1j1+eXp[-(bo+b.X\+b2X2+ ... +bkXk}].

Now, I ask. Is pm equal to P in (5-8)? To answer this

question I decompose ~111 into a form similar to (5-8). Thus,

I get:

(5-14) ~111 = 1j1+exp[-(n(bo}jn + b.(Xll+XI2+·· .+X1n}/n +

b2(X2\+X22+· .. +X2n) jn + ... +

bdXkl+Xk2+ ... +Xkn} jn],

or as

(5-15) pm = 1j 1+exp [- ( [ (bo+blXll+b2X21+ ... +bklXkd +

(bo+blXI2+b2X22+· .. +bk1Xk2) + ... +

(bO+b1X1n+b2X2n+... +bk.Xkn) ] / n} ] .
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Thus, (5-15) shows that pm is not equal to P, that is, pm is

not equal or linearly-related to the proportion of

observations in the sample for which Y=I. In fact, it can

easily be shown by an actual example that pm does not

necessarily produce a value that is equal or close to P.

Now, suppose that I evaluate (5-7) at the following

values: )(.+1, )(2' X3 , ••• ,Xk. Denoting the new value of P by

pm·, I get

Let me combine the results in (5-13) and (5-16) and write

pm·_pm and pm·/pm as follows:

(5-17 a) pm·_pm = (111 +exp [- (bo+b J ()(1+1) +b2X2+... +bkXk) ] )

- (l/1+exp[-(bo+blXt+b2X2+·· .+bkXk)]),

(5-17b) pm·/Pm = (l/1+eXp[-(bo+bd Xl+1)+b2X2+... +

bkXk) ] ) I (111 +exp [- (bo+b.X.+b2X2+· .. +bkXk) ] ) ,

Thus, it is seen from (5-17a) and (5-17b) that both the

difference pm·_pm and the ratio pm· /pJ11 are functions not

only of b J and Xl but also of the other parameters and the

other independent variables in the model. Terms do not

cancel as "nicely" as they do in the case of the linear

regression model.

Note also from (5-15) and (5-17b) that the difference
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pmO_pm can be written alternatively as

(5-17c) pm'_pm

- (bo+bIXII+b2X21+' •• +bkIX kl) ]

+ [ (bo+bd XI2+1) +b2X22+· •• +bkIXk:!) - (bo+bIXI2+b2X22+· •• +bklXd ] + .•• +

[(bo+bdXln+1)+b2X:;,+ ••• +bklx.")-(bo+bIXln+b~X,,,+••• +bkIX.,,)] )/n]].

Thus, (5-17c) shows that pmo_pm cannot be interpreted as

some sort of an average change in the predicted Ps of the

respondents in the sample.

The results of the above discussion can be summarized

as follows:

1. The predicted value of P for the "average respondent"

is not necessarily equal or "necessarily close ll or linearly

related to the proportion of observations in the sample for

which Y=l.

2, The predicted P of the average respondent is not

necessarily the average of the predicted Ps of all the

respondents in the sample.

3. The increase in P per unit increase in any of the

variables is not constant.

4. The change in the predicted P of the average

respondent due to a unit increase in one of the variables is

not linearly related to the average change in the predicted

P of all the respondents in the sample due to a unit

increase in that same variable for all the respondents.
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Thus, it can be seen from the above summary that the

predicted P of the average respondent can not be used as

some sort of a measure to represent the predicted Ps of the

actual respondents in the sample nor can the changes in the

predicted P of the average respondent be used to infer about

how the magnitude of the predicted Ps of the actual

respondents in the sample change with changes in the levels

of the independent variables. Of course, changes in the

predicted P of the average respondent can be used to

determine how the direction of the predicted Ps of the

actual respondents change with changes in the levels of the

independent variables but such information can readily be

obtained from the coefficients of the logit model without

having to estimate the predicted P of the average

respondent.

Thus, the above summary reveals that the predicted P or

changes in the predicted P of the average respondent applies

only to the average respondent and to no other and hence, is

no more useful than obtaining the predicted P or studying

the changes in the predicted P of say, the first observation

in the sample.

5.5 Borjas' (1985) and (1986) Studies

A good illustration of the points raised in the

preceding sections is found in the following works by

Borjas. I first discuss and outline the methods that Borjas
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used in these studies and then comment on whether the

methods are appropriate or inappropriate [in relation to the

purpose and objectives of Borjas' studies.])

5.5.1 Summary of Borjas' (1985) study

Borjas (1985) reexamines the empirical validity of the

conclusion that immigrants do extremely well in the u.s.

labor market. Borjas investigated the possibility that the

steepness of immigrant earnings profiles is inflated by

declines in the quality of immigrants admitted to the u.s.

Specifically, Borjas (1985) wanted to show that the growth

in immigrants' earnings found in the cross-section model

employed by chiswick and many others can either be explained

in terms of an aging effect or a cohort effect. 2 To examine

this possibility, Borjas (1985) employed the following

model:

(5-18) = X·A + {3t· + €I I

where w, is the wage rate of immigrant i; Xi is a vector of

his socioeconomic characteristics (e.g., years of completed

schooling, years of labor market experience, etc.); and t j

measures how long immigrant i has been in the united States.

ITh e interested reader is encouraged to read Borjas' papers since
the outline that is given here may not be enough to give the reader a
complete understanding of the purpose and objectives of these papers.

~The aging effect is the growth in earnings experienced by the
cohort with time in the u.s. while the cohort effect is the increase or
decrease in earnings of the cohort relative to other cohorts because of
cohort differences in quality.
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Borjas used the 1970 Census and 1980 Census to

facilitate his analysis. Accordingly, Borjas divided the

immigrants of ages 18-54 in the 1970 Census into the

following: arrivals in 1965-69, arrivals in 1960-64,

arrivals in 1950-59, and arrivals prior to 1950. Moreover,

immigrants of ages 28-64 in the 1980 Census were grouped as

follows: arrivals in 1975-79, arrivals in 1970-74; arrivals

in 1965-69, arrivals in 1960-64, arrivals in 1950-59, and

arrivals prior to 1950. From these data, Borjas estimated

two cross-section regressions:

(5-19) ln w70 = XA70 + a 650 65 + a 600 60 + a 50O S0

+ a 400 40 + E 70 ,

(5-20) ln WgO = XAgO + (375075 + (370°70 + (365°65 + (36lP60 + (350°50

+ (340°40 + EgO'

where ln w is the 1969 or 1979 (In) wage rate and the dummy

variables are defined as follows: On = one if immigrated in

1975-79; ° 70 = one if immigrated in 1970-74; 065 = one if

immigrated in 1965-69; ° 60 = one if immigrated in 1960-64; 050

= one if immigrated in 1950-59; and 040 =1 if immigrated

prior to 1940.

Borjas then focuses his discussion on cohort k, where

Ok = 1 (k = 40,50,60,65). He lets Xk represent the mean

values of the socioeconomic characteristics of cohort k as

of 1980. He also defines the following:
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-"(5-21) Y70.k = X kA70 + ak ,

-f.tt, 6
(5-22) YSO.k = XkAso + 13k ,

-~ A
(5-23) YSO.k+IO = Xk)\~O + 13k+10·

Borjas says that equations (5-21) and (5-22) give the

predicted (In) earnings of the average member of cohort k in

1970 and 1980, respectively, and that equation (5-23) gives

the predicted (In) earnings in 1980 for the cohort who

arrived 10 years after cohort k.

From the definitions in (5-21), (5-22) and (5-23),

Borjas derives the following equations:

(5-24)

(5-25)

" '"
YSO.k - YSO.k+lO = 13k - {3k+lO'

Equation (5-25) is Borjas decomposition of the earnings

growth found in cross-section regressions. The first term

on the right hand side of (5.25) is the "within-cohort"

growth, that is, the earnings growth experienced by cohort k

over the decade. The second term is the "across-cohort"

growth, which measures quality differentials over the decade

between cohort k and cohort k+10.

Borjas further refines this decomposition by using

native workers as the base by which to compare the behavior

of immigrant earnings.
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Borjas defines the earnings of native workers in the

1970 Census and 1980 Census that are statistically similar

to the average immigrant from cohort k as follows:

(5-26)

(5-27)

-A
= Xk070 +

From equations (5-24) to (5-27), Borjas derives the

following equations:

(5-28)

(5-29)

~ A

(Y80.k - Y80.n) - (Y80.k+1O - Y80.n) = (3k - (3k+IO'

" "(3k - (3k+1O [(Y80.k - Y80.n) - (Y70.k - Y70.n)]

+ [(Y70.k - Y70.n) - (Y80.k+1O - Y80.n)]·

According to Borjas, the first bracketed term in (5-29) is

the "within cohort" effect and the second bracketed term is

the "across-cohort" effect. Borjas writes that if the

second bracketed term is positive, then such effect

indicates that the quality of immigrants is falling over

time, upwardly biasing the cross-section growth in immigrant

earnings.

5.5.2 Comments on Borjas' (1985) study

It is not difficult to see that Borjas uses the

predicted y value of the average member of cohort k as a

basis for comparing the earnings profiles of different

cohorts. Thus, the method used by Borjas is exactly similar

to the method described above for linear regression models.
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However, I shall discuss Borjas' (1985) study in detail to

highlight the points that I want to raise.

Consider first equations (5-21) and (5-22). Borjas

says that equations (5-21) and (5-22) give the predicted

(In) earnings of the average member of cohort k in 1970 and

1980, respectively. Note, however, that the equations in (5

21) and (5-22) imply that the average member of cohort k in

1970 and 1980 have the same socio-economic characteristics.

Thus, Borjas' interpretation of (5-21) is slightly off the

mark since equation (5-21) cannot represent the predicted

earnings of the average member of cohort k in 1970 because

the average member of cohort k in 1970 should at least be

"younger" than the average member of itself (cohort k) in

1980. However, (5-21) can be interpreted in the context of

"hypothetical" cohorts, that is, (5-21) represents the

predicted earnings of the average member of a hypothetical

cohort in 1970 which has the same characteristics as cohort

k in 1980 but with the difference that both cohorts arrived

in the u.s. in the same period. Similarly, (5-22) can be

interpreted as the predicted earnings of the average member

of a hypothetical cohort in 1980 which has the same

characteristics as cohort k in 1980 but with the difference

that cohort k arrived 10 years earlier than the hypothetical

cohort. These assumptions pertaining to hypothetical

cohorts ensure that Borjas can make his comparison of the

earnings of the cohorts across censuses.
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Consider equation (5-24) above. Although the equation

uses only the predicted earnings of the average members of

cohort k and "hypothetical" cohort k+l0, Borjas can refer to

the second term as the cross-section growth for cohort k

over 10 years because (5-24) can actually be interpreted as

the difference in the average predicted earnings of cohort k

and hypothetical cohort k+l0. Furthermore, the earnings

difference between the ith member of cohort k and the ith

member of hypothetical cohort k+l0 is constant, i.e.,

(5-30) Y(80.kl.i - Y(W.k+lO).i
1\" ,,/'\

(Xk.iA80+{3d - (Xk.iA80+{3k+JO)

" 1\
= 13k - 13k + 10'

Consider next equation (5-25). It can be seen from

this equation that Borjas uses the earnings growth of the

average member of cohort k as a model for the earnings

growth of the whole cohort. Now, why is Borjas permitted to

infer that the "within-cohort" growth and "across-cohort"

growth in earnings of the average member is representative

of the earnings growth of cohort k? Borjas can make this

inference because the right hand terms of (5-25) can be

interpreted as the average "within-cohort" growth and

average "across-cohort" growth in earnings of all the

members of cohort k. In fact, this interpretation can

readily be seen by writing (5-25) as follows

(5-31) YW.k-Y80.k+1O = [(L: j[Y(80.kl.i] In) -L:i[~(70.k).i]In) ]
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" /\[ (L:j [y(80.klrY(70.kl.j] ) In]

t\ "+[ (L: j [ Y (70,kl .i- y (80.k+ lOl,i ] ) In].

Thus, (5-31) shows that (5-25) can be written as the average

"within-cohort" growth and the average "across-cohort"

growth of all the members of cohort k.

similarly, it can be shown that (5-29) can be written

as an average "within-cohort" effect and an average "across-

cohort" effect.

This discussion shows, therefore, that it is perfectly

appropriate for Borjas to use the changes in the predicted

earnings of the average member of cohort k as a measure of

how the earnings of cohort k change over time.

5.5.3 summary of Borjas' (1986) study

Borjas (1986) examines the differences in self-

employment propensities between the native-born and the

foreign-born and also analyzes the impact of assimilation

and changes in cohort quality on the self-employment

experience of the immigrant population.

Borjas (1986) hypothesizes that self-employment rates

of immigrants is positively correlated with number of years

since immigration or that "assimilation" increases the

likelihood of immigrants in becoming self-employed. Borjas

argues, however, that a single cross-section regression may

not capture the true impact of assimilation on self-
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employment because the "quality" of immigrant cohorts may

also affect the probabilities of self-employment. Thus, in

order to identify these two separate effects, Borjas derives

the following framework.

Borjas divided the immigrants of ages 18-54 in the 1970

Census into the following: arrivals in 1965-69, arrivals in

1960-64, arrivals in 1950-59, and arrivals prior to 1950.

Moreov~r, immigrants of ages 28-64 in the 1980 Census were

grouped as follows: arrivals in 1975-79, arrivals in 1970

74; arrivals in 1965-69, arrivals in 1960-64, arrivals in

1950-59, and arrivals prior to 1950. From these data, Borjas

estimates the following binary logit regressions by maximum

likelihood:

(5-32)

(5-33)

XA70 + Ct6sD6S + Ct6oD60 + CtsoDso

+ Ct4oD40 + 1]70'

In [Pgo/1-Pgo] = XAgo + {37SD75 + {370D70 + {365D6S + {36lP60

where PI is the probability of self-employment in Census

year t, X is a vector of socioeconomic characteristics, and

the dummy variables are defined as follows: D75 = one if

immigrated in 1975-79; D70 = one if immigrated in 1970-74; D6S

= one if immigrated in 1965-69; D60 = one if immigrated in

1960-64; Dso = one if immigrated in 1950-59; and D40 =1 if

immigrated prior to 1940.
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Borjas then focuses his discussion on cohort k, where

-Dk = 1 (k = 40,50,60,65). He lets X represent the mean

values of the socioeconomic characteristics of cohort k as

of 1980. He also defines the following:

(5-34)

(5-35)

(5-36)

P70.k 1/ 1 +exp [ - (X~70+&k) ] ,

~RO.k = 1/ l+exp [- (~RO+~) ] ,

1\ ~ D
P gO•k +10 = 1/1+exp [ - (XAgo+{jk+ 10) ] •

Borjas says that equations (5-34) and (5-35) give the

predicted probability of self-employment of the average

member of cohort k in 1970 and 1980, respectively, and that

equation (5-36) gives the predicted self-employment

probability in 1980 for the cohort who arrived 10 years

after cohort k.

"Accordingly, Borjas claims that the difference (P~k-

A
PgO,k+IO) captures the cross-section change in the probability

of self-employment of cohort k over a 10 year period (net of

aging). In addition, Borjas notes that this difference can

be rewritten as

(5-37) 1\ '"P gO.k - PgO•k+ 10

Equation (5-27) is Borjas decomposition of the cross-section

change into two parts. The first term on the right hand

side of (5-27) is the "within-cohort" change. It measures

the true impact of the assimilation process on the self-

employment propensities of cohort k over the 1970-80 decade.
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The second term is the "across-cohort" change, which

estimates the difference in self-employment probability

which occurred over the decade for immigrants with a given

number of years since immigration. This second term,

therefore, measures the impact of quality differentials

between different cohorts on the relative differences in

their self-employment propensities.

Borjas further refines the decomposition in (5-37) by

using native workers as the base by which to analyze the

behavior of the self-employment probability of immigrants.

Borjas defines the self-employment probability of

native workers in the 1970 Census and 1980 Census that are

statistically similar to the average immigrant from cohort k

as follows:

(5-38)

(5-39)

A
P70,n =
A-
PRO.I) =

From equations (5-37), (5-38) and (5-39), Borjas derives the

following equations:

(5-40) "" /\ J\ " {\
P SO•k - P SO.k+ 1O = (Pgo.k - PgO.n ) - (P70.k - P 70.n ) ]

" 1\ 1\ 1\
+ [(P70.k - P70.n ) - (PRO. k+ lO - PRO.,,)]·

According to Borjas, the first bracketed term in (5-40)

gives the difference between the within cohort change in the

self-employment probability of immigrants and the change in

that probability which occurred among native-born workers.
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Likewise, Borjas writes that the second bracketed term in

(5-40) gives the across-cohort effect net of the economy

wide changes experienced by native-born workers during the

1970-1980 period.

5.5.4 Comments on Borjas' (1986) study

It is not difficult to see that Borjas uses the

predicted P values of the "average member" of different

cohorts as a basis for comparing the self-employment

experiences of different cohorts. Thus, the method used by

Borjas is exactly similar to the method described in section

5.4 for binary logit regression models. However, the

discussion in that section argues that the results of the

method are questionable. Borjas' study, therefore, provides

an opportunity to examine the validity of the arguments that

were raised in that section.

Consider first the binary logit models in (5-32) and

(5-33). It can be shown that if (5-32) and (5-33) are

estimated by the maximum likelihood procedure then the sum

of the estimated probabilities (for each observation) is

equal to the number of self-employed immigrants in the

sample. Similarly, it can be shown that the predicted

frequency of self-employed immigrants in each cohort group

is equal to the actual frequency (see Appendix 5.1).

Now, consider equations (5-34), (5-35) and (5-36). Note

that the Ps in these equations are not necessarily equal or
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close to the sample means that represent the proportion of

immigrants in the different cohorts that are self-employed

nor are the Ps in (5-34), (5-35) and (5-36) "linearly-

related" to the predicted Ps of the actual members of the

different cohorts. Hence, the Ps in (5-34), (5-35) and

(5-36) may give the predicted probability of self-employment

of the "average member" of cohort k in 1970 and 1980 and

cohort k+lO in 1980 but that is as far they go because the

Ps cannot be used at all to make inferences about the self-

employment propensities of the actual members of the

different cohorts.

Consequently, Borjas' cannot make the claim that

I\. "the difference (PgO.k-PgO.k+lO) captures the cross-section

change in the probability of self-employment of cohort k

'" "because the term (PgO.k-PgO.k+lO) pertains only to the self-

employment experience of the hypothetical average immigrant,

it does not in any way capture the self-employment

experience of cohort k over the decade 1970-80. For example,

'" 1\
(PgO,C PSO.k+lO) cannot be interpreted as the average change in

the self-employment probabilities of the actual members of

cohort k. Thus, Borjas' decomposition in (5-37) is not in

any way useful because it pertains only to the self-

employment experience of the hypothetical average

immigrant--it does not in any way relate to the self-

employment experience of cohort k. For example, the "within-

cohort" change and "across-cohort" change in (5-37) cannot
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be interpreted as the average "within-cohort" change and

average "across-cohort" change in the self-employment

probabilities of the members of cohort k.

similarly, the decomposition in (5-40) is of limited

use because it applies only to the self-employment

experience of the hypothetical average immigrant and not to

the self-employment experience of the whole cohort of

immigrants.

5.6 Summary and Conclusions

This study reviews the practice of many social

science researchers of evaluating a regression model at the

means of the independent variables or at varying points

about the mean of one independent variable while holding the

values of the other independent variables at their mean

levels and then using the results of such a procedure to

make inferences about the underlying parameters of the

population or to explain how changes in the independent

variables affect the dependent variable.

The analysis in this chapter finds that the above

procedure--of using the "behavior" of the average respondent

in the sample to make inferences about the "behavior" of the

popUlation being studied--cannot be app11ed successfully in

all types of regression models, especially non-linear

regression models, because the predicted value of the

dependent variable that corresponds to the average
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respondent is not always an adequate representation of the

predicted values of the respondents in the sample nor does

the behavior of the average respondent always mirror the

behavior of all the respondents in the sample.

This finding is very important because the above

practice is common and very widespread in the social

sciences. The results of the analysis in this chapter,

therefore, suggest a thorough evaluation of the results and

conclusions of studies that use the above procedure since

these studies may have produced results and conclusions that

are highly misleading, if not outright invalid.
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Appendix 5.1

Maximum Likelihood Estimation Procedure for the Binary
Logit Model in (5-32) and (5-33)

Let y=l if immigrant is self-employed and y=O if
immigrant is not self-employed. Also, let i represent the
ith observation in the sample and let n represent the number
of observations in the sample. Then the likelihood function
for (5-32) can be written as

n 1-Yi Y:
L IIi:1 [ 1/ l+exp O'70·Xi+!:o.D•.d 1 [exp O'7o·Xj+!:o.D",d / l+exp O'70·Xi+!:o.D k,d 1,

=

To find the maximum likelihood estimates of the parameters,
I proceed as follows

A necessary condition for this to be a maximum is that
alog L/aA=O, alog L/aa=O.

Hence,

alog L/aao5 = - 2:P;Do5.i + 2:° o5. iYi = 0,

alog L/aaoo - L:PiOoO.i + Z:°OO.iYi = 0,

alog L/aa50 = - 2:PP50.i + Z:°50.iYi 0,

alog L/aa40 - 2:P;D40.i + Z:°40.iYi = o.

Thus, the above show that the predicted frequency of self
employed immigrants in each cohort group is equal to the
actual frequency. The above show also that the sum of the
estimated probabilities is equal to the number of self
employed immigrants in the sample.
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CHAPTER 6

A MICRO-BASED CLASSIFICATION ANALYSIS (MBCA): A CRITIQUE

OF THE MULTIPLE CLASSIFICATION ANALYSIS (MCA)

6.1 Introduction

The basic idea behind the Multiple Classification

Analysis (MCA) method is essentially that of comparing a set

of means. However, rather than using the "analysis of

variance (ANOVA)II models that are traditionally formulated

in statistical texts, the method uses multiple regression

where the response variable is a quantitative variable and

the predictor variables are binary regressors. Actually, the

two approaches lead to the same results. As an example,

consider a normally distributed random variable Y whose mean

depends on a given polytomous characteristic that leads into

a classification into J types. The variance of Y is

constant, and the observations are assumed to be

independent. Accordingly, the ANOVA model is formulated as

follows:

Here Yij is the ith observation on y in the jth group, ~ is

the "grand mean", Q:j is the deviation of the mean of the jth

group from ~, and €ij is a stochastic disturbance term.

The regression model, on the other hand, is given by



(6-2) y ..
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where Xij = 1 if the observation belongs to the jth group,

= 0 otherwise (j =2 , 3 , •• , J) •

By taking the expectations of Yij in (6-1) and (6-2),

one finds that

J.1. + a l = {31'
J.1. + a2 = {31 + {32t

That is, {31 is the mean of the first group, {31 + {32 is the

mean of the second group, and so on.

The hypothesis that there is no difference between the

group means can be tested from the ANOVA model as follows:

The equivalent null hypothesis for the regression model is

that which says that the slopes of the regression equation

are jointly equal to zero; that is,

HA : Ho is not true.

The F test for this null hypothesis (in the regression

model) is equivalent to the F test that is carried out in

the ANOVA model (Kmenta 1986, pp. 465-466).
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It is easy to show that MCA with two categorical

predictor variables is equivalent to two-way analysis of

variance; MCA with three categorical predictor variables is

equivalent to three-way analysis of variance; and so on. l

6.2 The MeA Table

The MCA table is used as a method of displaying the

results of analysis of variance when there are no

significant interaction effects. The MCA table has also

been used to determine the net effect of each variable in

the regression model when the model contains two or more

predictor variables.

I shall illustrate the uses of the MCA table by

providing an example. Suppose that the criterion variable

is weekly wages of employees in a particular industry and

the predictor variables are sex, education (high, medium,

low) and residence (urban, rural). I denote the variables as

follows:

Y weekly wages of employees;

H = 1 if high education, a otherwise;

M = 1 if medium education, a otherwise;

U = 1 if urban, a otherwise; and

F = 1 if female, a otherwise.

IReaders who are not familiar with the MCA method may consult the
following: Retherford and Choe (1990), chapter 4 of Blau and Duncan
(1967), Andrews, Morgan and Sonquist (1967) and Kim and Kohout (1975).
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The MeA table for this model is given in Table 6.1. 2

The meanings of the coefficients in the Weekly Wages

columns are as follows: The coefficients under the first

Weekly Wages column represent the means of each category.

For example, a' + b' is the mean weekly wages of all

employees who have high education. 3 These values are

obtained from the "unadjusted" regression models by

sUbstituting the appropriate combination of ones and zeros.

For example, the entry in the low education category of the

education variable is obtained from the "unadjusted

regression model Y = a' + b'H + c'M by setting H=O and M=O.

The coefficients under the second Weekly Wages column

are referred to as the "adjusted means" for each category

when the other variables are "adjusted" for. These values

are calculated from the "adjusted" regression model Y = a +

bH + cM + dU + eF by holding the "other" variables at their

mean levels. For example, the entry in the high education

category of the education variable is obtained from the

2Some authors present results of MCA analysis as deviations from
the "grand mean" instead of presenting them in "absolute form" as given
in Table 6.1. For example, the entry in the high education category of
the first Weekly Wages column in Table 6.1 is presented in deviations
form as (a'+b')-Y where Y is the mean of Y for the entire sample.
However, most authors prefer to present the MCA table in absolute form
than in deviation form because the table in absolute form is much easier
to understand than in deviation form.

3r t can also be shown that if the "unadjusted" or "adjusted"
regression models in Table 6.1 are evaluated at the sample means of the
predictor variables then the corresponding value for "weekly wages" that
will be obtained from such an exercise is the mean "weekly wages" for
the entire sample. This follows from the "normal equations" property of
the least squares procedure which specifies that regression coefficients
must satisfy the relation ~Y/n = bo + bd~X,/n) + ... + bk(~Xk/n).
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"adjusted" regression model by setting H=l, M=O, U=U (where

U is the mean of U) and F=F. The interpretation given for

the numbers under the second Weekly Wages column are that

they are the hypothetical means of the employees that are in

each category when the effects of the other variables are

adjusted for. For example, the number in the male category

of the SEX variable is interpreted as the adjusted mean

weekly wages of the male employees in the sample after

controlling for differences in education and residence.

6.3 Adjusted and Unadjusted Effects

The values given in Table 6.1 are referred to as

unadjusted and adjusted values (of weekly wages). They are

not the same as unadjusted and adjusted effects which are

computed as differences between unadjusted values or

differences between adjusted values. For example, the

unadjusted effect of high education on weekly wages,

relative to low education, is computed as (a'-b')-a'=b' and

the adjusted effect of high education on weekly wages,

. .. - .relat1ve to low educat10n, 1S computed as (a+b+dE+eF)-

(a+dE+eF)=b. Thus, the unadjusted and adjusted effects are

simply the "effects" of the predictor variables on the

response variable in the unadjusted and adjusted regression

models. If this had been a discussion on multiple

regression models, the discussion would have noted that
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these "effects" are nothing more but the "partial effects"

of the predictor variables on the response variable.

When adjusted effects are computed, "control" variables

are normally set at their mean values for the entire sample.

However, other values of the control variables could also be

used in the calculation since the results will be unaffected

by such changes. For example, consider again the adjusted

effect of high education relative to low education in Table

6.1. When this adjusted effect is computed as (a+b+dE+eF)-

- -(a+dE+eF)=b, terms pertaining to E and F cancel out which

means that it does not matter at which levels E and Fare

set. Actually, this follows from the property of linear

regression models that the partial derivative of the

dependent variable with respect to anyone of the exogenous

variables is constant. This can easily be seen to hold in

the preceding example by taking the partial derivative of Y

with respect to H, i.e., aYjaH = b, which is a constant.

The MCA literature emphasizes that the purpose of MCA

is focused mainly in assessing causal effects, which are

measured by differences in the predicted values of the

dependent variable and therefore, unaffected by how the

levels of the control variables are set. Thus, in the

absence of a compelling reason to do otherwise, the control

variables are normally set at their mean values for the

entire sample.
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One of the weaknesses of the MCA method, however, is

that it has never given a strong reason why control values

should be set at their mean levels when in fact in some

cases the use of mean values may seem somewhat artificial.

For example, the use of U as a control variable in Table 6.1

may not seem realistic since no person can be, say, half

urban or half rural. Nonetheless, the MCA method gives no

explanation for such but simply views U as a typical value

that is convenient for the purpose of introducing

statistical controls.

6.4 Extensions of the MeA Method

The MCA method is not normally used when there are

strong significant interaction effects between the predictor

variables but some authors have extended the method to

handle cases where the interaction involves only two

predictor variables in the model. For example, suppose again

that the response variable is weekly wages and the

predictor variables are education (high, medium, low),

residence (urban, rural) and sex (female, male). Suppose

also that there is interaction between residence and sex.

Then the MCA table is presented as in Table 6.2.

Thus, it is seen that when there is interaction between

two predictor variables, the MCA method handles the

interaction by cross-classifying the categories of the two

predictor variables. However, the method extension has some
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limitations in the sense that the effect of one of the

predictor variables cannot be isolated from the effect of

the other variable. consider, for example, the residence and

sex variables in Table 6.2. The adjusted "weekly wages"

effect of being female and living in an urban area, relative

to being male and living in a rural area, is computed as

(a+d+e+f+bH+cM)-(a+bH+cM)=d+e+f. Thus, although it is fairly

easy to calculate the joint effects of sex and residence on

weekly wages, it is clear from the preceding exercise that

the MCA method does not provide a measure of the effect of

one of the variables, say, sex, that is free from the effect

of the other variable, residence.

6.5 Use of the MeA Method in other Models

The MCA Method has also been used in models other than

mUltiple regression. I now examine whether the use of MCA

in some of these models is theoretically adequate.

Binary Logit Model

Consider first the binary logit model. Suppose that Y

is a binary variable which takes on a value of either 0 or

1. Suppose also that XI' X2, ... Xk are the predictors of Y.

Then the binary logit model is specified as follows:

(6-3) P = 1/1+exp[-(bo+bIXj+b2X2+... +bkXk)]

exp (bo+bjXj+b2X2+... +bkXk)
where P=P(Y=l).
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The parameters of this model are commonly estimated by

maximum likelihood method. In addition, since (6-1)

includes the constant term bo then the sum of the estimated

probabilities (for each respondent in the sample) is equal

to the number of observations in the sample for which Y=l.

Similarly, if the X's include a dummy variable, say, X2,

where X2 equals 1 for female and 0 for male, then the

predicted frequency will be equal to the actual frequency

for each sex group (see Maddala 1983, p.26).

Solving for (bo+bJXJ+b2X2+ ... +bkXk) in (6-1), the logit

model can also be written as

log (P/1-P) = bo+b(XJ+b2X2+... +bkXk,

or alternatively as

P/1-P = exp(bo+bJXJ+b2X2+ ... +bkXk) .

The quantity P/1-P is called the odds, denoted more

concisely by n, and the quantity log [P/1-P] is called the

log odds.

In log odds form, the model is presented as follows:

(6-4)

It is easily shown that the effects of the predictor

variables on log n is just the same as the effect of

predictor variables on the dependent variable in a multiple

regression model. That is, bo is the partial effect of Xl on

the log odds, b2 is the partial effect of X2 on the log odds,
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and so on. Thus, it is perfectly all right to present the

results of (6-4) in MCA format, such as Table 6.1, but with

the restriction that the dependent variable is log n. [I

shall show later in the discussion that this restriction is

very important and that MCA results from (6-4) hold only

when it is applied to log n.]

Let me go back to (6-4) and write the logit model in

odds form as follows:

(6-5)

Now, one might ask again if it is appropriate to

present the results of (6-5) in MCA format. This question

can be answered by studying the effects of the predictor

variables on n. Accordingly, these effects can be determined

by taking the partial derivative of n with respect to one

of the exogenous variables, say Xl:

(6-6) on/oxl = [exp(bo+bIXl+b2X2+ ... +bkXk) )exp(b()

= n*exp (bd .

Thus, it is seen from (6-6) that the effect of XI on n is to

mUltiply n by a factor equal to exp(bd. Similarly, the

effect of X2 on n is to multiply n by a factor equal to

exp(b2), the effect of X3 on n is to multiply n by a factor

equal to exp(b3 ) , and so on. Consequently, the MCA method

can still be applied to (6-5) provided the adjusted effects

are computed as "multiplicative effects". For example,
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suppose Xt represented sex [where Xt=l if female, 0 if male],

then the adjusted effect of being female on n (the log

odds), relative to being male, is computed as

exp (bo+[b l *1] +b2X2+... +bkXk)

exp (bo+[b[*O] +bS(2+' .. +bkXk)
= exp(b1) · 4

Many researchers, however, do not wish to present their

results in log odds or odds form because of the obvious

reason that it is not the odds or the log odds which are the

primary variables of interest but the probabilities

themselves. Thus, because of such, many researchers present

their MCA results in probability form. I shall now show that

this practice may lead the researcher to make inappropriate

and misleading conclusions.

Consider (6-1) above. It is easily seen from (6-1)

that, while the log odds are a linear function of the

exogenous variables, the probabilities themselves are not.

This property of the logit model can also be demonstrated by

taking the partial derivative of P with respect to anyone

of the exogenous variables ~:

(6-7)
exp- (bo+b]Xt+b2X2+ ... +bkXk)

*
[1+exp- (bo+btXl+b2X2+' .. +bkXk) ] 2

~P(l-P), for j=l, ... k.

4Not e that the result is unaffected even if other values of the
"control" variables are used in the calculation.
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Equation (6-7) describes how changes in ~ affect the

current probability P, holding all other Xs constant. The

effect of ~ on the current value of P is symmetric and

largest at the value of ~ that corresponds to P=0.5. In

addition, the closer P is to 0.0 or 1.0, the greater the

change in ~ necessary to results in a given change in P.

since the derivative of P with respect to ~ is a function

of P, there is implicit interaction among the independent

variables (Hanushek and Jackson 1977, pp. 188-189).

Thus, it is seen from (6-7) that the effect of a change

in ~ on the probability of response Y=l is not completely

determined by ~. The sign of ~ determines the direction of

the effect, and the effect tends to be larger the larger is

~ but the interpretation of ~ is not the same as in linear

regression models since the magnitude of the effect varies

with the values of the exogenous variables. Aldrich and

Nelson (1984) suggested that this problem can be dealt with

by constructing a table of expected probabilities for

different combinations of values of independent variables.

Aldrich and Nelson's approach, however, has the obvious

drawback that the table of expected probabilities becomes

unwieldy with the presence of large numbers of independent

variables.

The above discussion of the effects of Xj on P is

important because it shows that the MeA method is not in any

way useful when presented in probability form because the
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adjusted values for P that are estimated by the MeA method

hold only for mean values of the Xs, they do not hold for

other values of X. This means that one cannot use the

adjusted values of P to form conclusions about how the

magnitude of the probabilities of the other respondents in

the sample change with changes in the predictor variables.

One cannot also argue--as Fernandez et ale (1989) did--that

evaluating the logit model at the mean values of the

independent variables gives a good description of the

results because "the means" is a point where there is the

"most data". This argument is erroneous because the means of

the independent variables when taken together is not a

measure of central tendency but simply a hypothetical

description of the characteristics of the average respondent

in the sample. What matters perhaps is that the model, when

evaluated at the means of the independent variables,

produces a predicted P value that is equal or very close to

the actual mean of the response variable Y for the entire

sample because then on~ can probably use the measured

changes at the "means" to make some inferences about how the

"average behavior" of the population, as represented by the

mean of Y, varies with changes in the explanatory variables.

Unfortunately, the logit model does not produce a P value

that is equal or somehow linearly-related to the mean of the

response variable Y when it is evaluated at the means of the
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independent variables. 5 To make this explanation clearer, I

present an example from Sycip and Fawcett (1988).

In their paper, Sycip and Fawcett use a logit model to

study the behavior of Filipino migrants to the u.s. The

dependent variable in their study is a dichotomous variable

that takes a value of 1 if the respondent is a "u.s. mover"

and a value of 0 if the respondent is a "u.s. nonmover". The

dependent variables include the following: variables

representing economic expectations, variables representing

psychosocial expectations for u.s. destination, variables

representing relative economic status at origin, background

and life cycle variables, and network support variables.

Their actual sample consisted of 584 respondents, of which

407 were classified as u.s. non-movers and 177 were

classified as u.s. movers. Thus, the actual proportion of

u.s. movers in the total sample is 30.31 percent.

Sycip and Fawcett present the estimates of their logit

model in MeA form--which are reproduced in Table 6.3--to

"make them more interpretable". They write that the

direction and amount of change in the base probability is an

indication of the importance of the variable in the overall

model.

SIt can easily be shown that--unlike the multiple regression model
--the probability value that is obtained when the logit model is
evaluated at the sample means of the dependent variables is not
necessarily the proportion of observations in the sample for which Y=l.
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The table shows that when the variables are all set to

their means, the predicted probability of migrating to the

u.s. is 0.217. In comparison, the data show that the actual

proportion of u.s. movers is 0.3031. Thus, this result

demonstrates that the value that is obtained when the logit

model is evaluated at the means of the independent variables

is not necessarily equal to the actual mean of the dependent

variable.

Sycip and Fawcett conclude (from Table 6.3) that number

of places with auspices has a greater effect on the

likelihood of migrating to the u.s. than number of adult

relatives in the u.s. because the change in probability from

having no auspices to having three places with auspices is

0.77 (from 0.1202 to 0.8919) as compared to 0.42 for the

change in the number of adult relatives from one to five

(from 0.1042 to 0.4862). However, this conclusion could be

misleading because of two reasons. First, because the logit

model assumes a nonlinear functional form, the probability

values and the probability changes in the table apply only

to the "average respondent", they do not apply to the actual

respondents in the sample. For example, the probability

values of 0.1042 and 0.4862 apply only to persons who have

1 or 5 adult relatives in the U.S., and who have the "mean"

number of auspices, "mean" number of education, and so on,

but they do not apply to persons who have 1 or 5 adult

relatives in the u.s. and whose number of auspices or number
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of education, and so on, are different from the means of

these variables. Thus, the actual change in probabilities

for these latter persons could be a lot less or it could be

a lot more depending on where the logit model is evaluated

which means that the figures in the table could produce

misleading results if it is used as some sort of measure to

represent the experiences of all the respondents in the

sample.

The second reason is that it is not appropriate to

compare 0.77 with 0.42 because the probability figures in

Table 6.3 are not unit-free; their magnitudes depend on the

original measurement units of the different variables in the

model. One way to avoid this problem is to compare the

"elasticities" of the variables. In fact, the use of

"elasticities" was employed by Fernandez et al. (1989) to

compare variable effects in their logit model. However, this

method is not immune from difficulties when it is applied to

the logit model. To show why this is so, consider the usual

definition of "elasticity" for logit models. The elasticity

[of P with respect to X] at any point is defined as

(ap/aX) (X/P), where P is the probability that dependent

variable Y=l and X is an explanatory variable in the model.

Thus, it is seen that evaluating the "elasticities" at one

point--usually the means of the variables--is not error-free

because the actual elasticity varies from point to point and

that the change is non-uniform since it is not only the
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expression (X/P) which varies from point to point but also

the expression (ap/aX).

The above illustration shows that there are no

advantages in presenting logit results in MCA form.

Multinomial Logit Model

I now focus the discussion on the multinomial logit

model to see if the MCA method can be applied to the

multinomial logit model.

Suppose that a set of J possible alternatives exist

with no particular ordering. Suppose also that

~ = 1 if alternative j is chosen (j=l, ... ,J),

= 0 otherwise.

Then the multinomial logit model is simply

(6-8a)

(6-8b)

log

log

al+blXZ+CIX3+' .. +kIXk ,

az+bzXz+czX3+' •• +kZXk ,

(6-8c) log (PJ-IfPJ) = aJ_l+bJ_IX2+cJ_IX3+" .+kJ_1Xk ,

(6-8d) PI + Pz + ... + PJ = 1,

where Pj=P{Yj=l) and Xz, X3, ... ,Xk are the variables upon

which the probabilities depend.

By setting ~=~=... =~=o, the multinomial logit model

can be written alternatively as

(6-9) p. =
J for j=l, .. ,J.
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The most common technique for estimating the parameters of

the multinomial logit model is maximum likelihood

estimation. If the equations in (6-8) include a constant

term then maximum likelihood estimates of the multinomial

logit model in (6-9) produce predicted and actual

frequencies that will be identical for each of the J

alternatives. Similarly, if the Xs include a dummy variable

denoting, say, sex, then the predicted frequencies will be

identical for each of the two sex groups in each of the J

categories (see Maddala 1983, pp.35-37).

The effects of the predictor variables on the Ps can

be estimated by taking the partial derivative of ~ with

respect to any of the independent variable, say X2 :

(6-10)

oPJoxz

J
exp (aj+bjXz+cjx)+ ••• +kjXd [Lj~ I [bj-b;) exp (aj+bjXz+cjX)+ ••• +kjXd 1

J 2
[I:j~lexp (aj+b;Xz+cjX)+ ••• +kjXd 1

forj=l, .. ,J,

or
J

ap/aX2 = Pj [Li=l (bj-bj ) P;] , for j=I, ... J.

In general, the partial derivative of ~ with respect

to independent variable Xh , (2ShSk), is

J

(6-11) ap/axh = Pj[L:i=l(hj-hj)P;], for j=l, ... J.

Equations (6.10) and (6.11) show that the probabilities

are a non-linear function of the exogenous variables. The
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equations also reveal that the effect of a change in Xh ,

(2~h~k), on the probability of a response ~=1 is clearly

not determined by ~, for j¢J. The coefficient ~ does not

determine the direction of the effect nor does it determine

the magnitude of the effect. 6 This makes it even more

difficult to interpret the effect of ~ on the probabilities

because both the sign and magnitude of the effect varies

with the values of the exogenous variables.

What then are the implications of these properties of

the multinomial logit model on the MCA method? The

implications are that the MCA method cannot be applied to

the multinomial logit model when the model is presented in

the form given in (6-9) because the adjusted P values that

are obtained from (6-9) do not in any way provide adequate

information on the sign or magnitude of the effects of the

different variables on the probabilities. Thus, an attempt

to use these adjusted values of P--that are computed based

on the MCA method--to make inferences about the "behavior"

of the population being studied is bound to produce

misleading results since the adjusted P values pertain only

to the "behavior" of the "average person" in the sample.

6I t is seen from (6-11) that the coefficient ~ may determine the
direction of the effect if the following hold:

(i) Consider Xh , (2Shsk). If ~ is positive, and ~ is greater than
hi' for all i;ej, then 8p/8Xh>O, for j=1, ... ,J-1, and i=l, ... ,J.

(ii) Consider Xh , (2ShSk). If h j is negative, and h j is less than hi'
for all i;ej,then 8P/8xh<O, for j=1, .•. ,J-1, and i=l, ... ,J.

(iii) Consider Xh , (2ShSk). If h j is positive for all j;eJ, then
8PJl8Xh< O. If h j is negative for all j ««, then 8PJl8xh >O.
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To clarify the arguments which I have posited above

against the use of the MCA method in multinomial logit

models, I provide an example from Asis (1990).

Asis (1990) employs a multinomial logit model to

analyze the occupational preferences of Korean immigrants to

the U.S. The response categories in Asis model are the

following: self-employment; white collar work; blue collar

work; intending to work but occupation unspecified; not

intending to work. The independent variables include the

following: education, English language ability, age,

spouse's ethnicity, having immediate relatives in the U.S.,

metropolitan residence, family-owned/managed business, and

expecting to experience discrimination in the U.S.

The results of Asis' analysis are presented in MCA

format in Table 6.4. (Only the results for the education and

language variables are reproduced in the table since the

results of the other variables are not important in the

sense that they do not affect the validity or non-validity

of the points that I am raising.)

From the "language" results in Table 6.4 Asis makes

the conclusion that "English proficiency increased the

probability of expecting self-employment among Korean men,

contrary to what has been suggested by other studies." This

conclusion of Asis, however, is questionable because the

results in Table 6.4 apply only to the "hypothetical average

Korean", they do not apply specifically to the experiences
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of the Korean men in her sample nor can they be interpreted

as some sort of average effects. Furthermore, since the

magnitude and direction of aPj/axh depends on where the model

is evaluated then it is possible that for other values of

the explanatory variables (other than the means) the

"language" results could be totally different than what are

found in Table 6.4. Of course, it is also possible that

"English proficiency increased the probability of expecting

self-employment among Korean men" but Asis cannot make such

a conclusion because the model and method that she uses do

not have provisions that automatically permit her to make

such a conclusion.

other Non-linear Models

I will not discuss the application of the MCA method in

other non-linear regression models because these models are

not used as often as the logit and the multinomial logit

models. However, there is a very high likelihood that the

MCA method will not work in these models because the

analysis in the preceding sections indicate that the MCA

method is not fit for models where the effects of the

predictor variables on the response variables are not

constant from point to point.

6.6 A Micro-Based Classification Analysis (MBCA)

I now present a new classification method that avoids

the problems that plagues the MCA method when it is applied
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to non-linear models. This new method is more flexible than

the MCA method. In fact, it can be shown that the MCA

method is a special case of this new "micro-based" method.

Consider the regression model in Table 6.1 where the

criterion variable is weekly wages of employees and the

predictor variables are sex, education (high, medium, low)

and residence (urban, rural). This model was written as

(6-12) Y = a + bH + cM + dU + eF.

Recall from Table 6.1 that the expression a+bH+cM+dU

which is derived from (6-12) by setting F=O, H=H, M=M, U=U,

is interpreted as the adjusted mean weekly wages of the

male employees in the sample after controlling for

differences in education and residence. Recall also that

the values of the variables H, M, and U are arbitrarily set

at their mean levels and that the MCA method does not

provide a strong reason of why control values should be set

at their mean levels when it fact it seems that in many

cases the use of mean values may seem somewhat artificial. I

show in the following discussion, however, that in fact the

use of mean values has a very strong theoretical basis.

Consider again the regression model in (6-12). Suppose

that I evaluate this model at the means of the independent

variables for the entire sample as follows:

(6-13) Y a + bH + cM + dU + eF,
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where Y is the mean of Y for the entire sample. (I explained

before that (6-13) must produce a predicted Y that is equal

to the mean of Y for the entire sample because the "normal

equations" property of the least squares procedure specifies

that the regression coefficients must satisfy the relation

l:.Y/n = bo + b J (2:Xdn) + ... + bd2:Xk/n), where n is the size

of the sample.)

Now, suppose that ~, ~, ~, ~ are the values of H, M,

U and F for the ith employee in the "employees" sample.

Suppose also that there are n employees in the sample. Then

(6-13) can be written alternatively as

(6-14)

or as

(6-15)

Y = n(a)/n + b(H(+H2+ ... +Hn)/n + c(MJ+M2+ ... +Mn)/n

+ d(UJ+U2+ ... +Un)/n + e(F1+F2+ ... +Fn)/n,

Y = [( a+bHJ+cMJ+dU1+eF1) + (a+bH2+cM2+dU2+eF2 )

+ ... + (a+bHn+cMn+dUn+eFn)] In.

Thus, (6-15) shows that evaluating (6-13) at the means of

the explanatory variables is just like evaluating (6-13) for

each employee in the sample, summing up the results and then

obtaining the average value of Y. This shows that

evaluating a regression model at the means of its

explanatory variables is nothing more but getting the

average predicted value of the dependent variable for all

the respondents in the sample.
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I extend this discussion further by alternately

sUbstituting (H=H, M=M, U=U, F=O) and (H=H, M=M, U=U, F=l)

in (6-12) and presenting the results as follows:

(6-16)

(6-17)

ym = a + bH + cM + dU,

yf = a + e + bH + cM + dU.

The MCA method simply views (6-16) as the adjusted mean

weekly wages of the male employees in the sample and (6-17)

as the adjusted mean weekly wages of the female employees in

the sample. There is, however, a more interesting

interpretation of (6-16) and (6-17) which relates these

expressions to the individual respondents in the sample.

Consider, for example, (6-16). Assuming again that ~, ~, ~

are the values of H, M and U for the ith respondent in the

sample then (6-16) can be written alternatively as

(6-18)

or as

ym n(a)/n + b(H\+H2+ ... +Hn)/n + c(M.+M2+ ... +M.,) In

+ d(U\+U2+ ... +Un) In + e(O+O+ ... +O} In,

(6-19) ym = [(a+bH.+cM.+dU.+e(O» + (a+bH2+cM2+dU2+e(O)}

+ ... + (a+bHn+cMn+dUn+e(O)} ]/n.

What does (a+bHj+cMj+dUj+e(O» , for i=1,2, .. ,n, mean? This

expression has a very intuitive interpretation. It can

simply be interpreted as the predicted weekly wage of the

ith employee in the sample if he or she were assumed to be

male but that his or her other characteristics remain the
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same. In fact, ym can simply be interpreted as the average

predicted weekly wage of all the employees in the sample

under the assumption that they are all males. ym can also

be interpreted as the average weekly wage of a

"hypothetical" male sample which is composed of employees

that are "clones" of employees that constitute the original

employee sample except for the fact that the "clones" are

all males whereas the original sample is composed of both

males and females.

Similarly, (6-17) can be written alternatively as

(6-19) yr = [(a+bH(+cM)+dU)+e(l» + (a+bH2+cM2+dU2+e(1»

+ ... + (a+bHn+c~+dUn+e(l» ]/n.

Thus, yf can be interpreted as the average predicted weekly

wage of all employees in the sample under the assumption

that they are all females but that they retain all their

other characteristics.

Recall from Table 6.1 that the MeA method interprets

the difference between yr and ym as the adjusted effect of

being female on weekly wages, relative to being male.

However, the results in (6-18) and (6-19) give a more

intuitive interpretation of (y~ym). That is, (y~ym) is the

difference in the predicted average weekly wage of the

hypothetical female sample and the hypothetical male sample,

all other things held constant.
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Another way of interpreting (y~ym) is to decompose it

into the following:

(6-20) yCym = ([ (a+bH1+cM1+dU1+e(1)) - (a+bH1+cM.+dU.)]

+ [( a+bH2+cM2+du2+e (1)) - (a+bH2+cM2+dU2 ) ] + ...

+ [(a+bHn+c~+dUn+e(1)) - (a+bHn+c~+dUn)]) In.

Hence, (6-20) shows that (yCym) is the average change in

each employee's predicted weekly wage from being female to

being male.

Interpreting yf or ym in the context of hypothetical

samples or in the context of each respondent's predicted Y

value is also more precise than the MCA's method of

interpretation because the former has a way of "putting

things in their proper perspective". For example, consider

again (6-17). The MCA method interprets (6-17) as the

"adjusted mean weekly wages of the male employees in the

sample after controlling for differences in education and

residence". However, the MCA interpretation has the obvious

drawback that it does not give an explanation of why control

values should be set at their mean levels or that if there

is a different interpretation if control values are not set

at their mean levels, say, at the mean levels for all female

employees in the sample instead of the entire male and

female sample. The "hypothetical sample interpretation",

however, can easily handle cases where control variables are

not set at the mean values for the entire sample. For
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example, suppose that instead of substituting (H=H, M=M,

u=u, F=O) in 6-12, I substitute the following values

instead: (H=Hf, M=Mr, u=ur, F=O) , where Hf, Mf and ur represent

the mean levels of H, M and U for all female employees in

the sample. Denoting the predicted value of Y by ymf, I

obtain the following:

( 6-21)

Now, suppose that Hiff Miff Uir are the values of H, M and U for

the ith female employee in the "employees" sample. Suppose

also that there are nr female employees in the sample. Then

(6-21) can be written alternatively as

(6-22)

or as

(6-23)

ymf = nr(a) jnr + b(H1r+H2r+... +Hnr) jn f +

c(M.r+M2r+···+Mnr)jnr + d(UIf+U2r+· .. +Unr)jnr +

e(O+O+ ... +O)jnff

ymf = [( a+bHlr+cMlf+dUIf+e (0)) + (a+bH2f+cM2r+dU2f+e (0) )

+ ... + (a+bHnr+cM.tr+dUnf+e (0) ) ] jnr.

Thus, ymr can be interpreted as the predicted average weekly

wage of a hypothetical sample of employees that is

constituted of "male clones" of all the female employees

in the original sample, that is, that each clone is similar

in all respects to his female counterpart except for the

fact that the clone is male.
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Similarly, if (H=Hf, M=Mf, u=ur, F=l) are sUbstituted

into (6-12) and the predicted value of Y is denoted by y ff

then yff can simply be interpreted as the average predicted

weekly wage of all the female employees in the sample.

The decompositions in (6-18), (6-19), (6-20) and (6-23)

suggest a new method of studying the results of a regression

model. consistent with the essence of (6-18), (6-19), (6-20)

and (6-23), I name this new method "the Micro-based

Classification Analysis" because it uses the individual

values of explanatory variables rather than the means of the

variables as reference points for making inferences on how

the "behavior" of the population being studied varies in

relation to changes in the values of the explanatory

variables. Furthermore, it is easily seen from the

decompositions in (6-18), (6-19), (6-20) and (6-23) that the

MCA method is a special case of this new method. However,

this new method can best be described by an illustrative

example.

6.7 The MBCA Table

Suppose that I repeat the illustration in section 6.2

(MCA Table) but that I present the results in the form of a

Micro-Based Classification Analysis (MBCA) table. Then the

table should appear as follows:

Table 6.5 interprets the results of the regression

equation as average weekly wages of "hypothetical samples".
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For example, "Predicted if High" is the average predicted

weekly wage of all the employees in the sample if they had

retained their residence and sex characteristics but that

their education is assumed to be "high". In addition, the

difference between "Predicted if High" and Predicted if

Medium" can be interpreted as the difference in average

weekly wages of two hypothetical samples or it can be

interpreted as the average change in each employee's weekly

wage, that is, the average change from having a medium

education to a high education, all other things held

constant.

If it is desired to obtain average weekly wages that

pertain only to the female sUb-sample then the MBCA table

could appear as in Table 6.6.

"Predicted if High" in Table 6.6 can be interpreted as

the average weekly wage of all the female employees in the

sample if they are all assumed to have a "high" education.

IIPredicted if Female" is simply the predicted average weekly

wage of all the female employees in the sample.

Tables pertaining to other sub-samples, e.g. urban sub

sample, male sUb-sample, could also be presented in the form

given in Table 6.6.

6.8 Extensions of the MBCA Method

Unlike the MCA method, the MBCA method can easily be

extended to all types of "inherently linear" models.
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consider, for example, the interaction model in Table 6.2.

The results of the model can easily be presented in MBCA

format as shown in Table 6.7.

"Predicted if Female" in Table 6.7 can be interpreted

as the average weekly wage of all the employees if they are

all assumed to be females. Moreover, the difference between

"Predicted if Urban and Female" and Predicted if Rural and

Male" can be interpreted as the difference in average

weekly wages of two hypothetical samples or it can be

interpreted as the average change in each employee's weekly

wage, that is, the average change from being male and living

in a rural place of residence to being female and urban, all

other things held constant.

Table 6.7 can also be extended to handle results that

pertain only to SUb-samples, e.g., urban sub-sample, female

sub-sample.

Table 6.7 shows why the MBCA method is better than the

MCA method. The MBCA method is better because it is more

flexible than the MCA method. For example, the MBCA method

can easily handle the separate categories of Residence and

Sex and the joint categories of Residence and Sex while the

MCA method can only deal with the joint categories of Sex

and Residence. It is apparent that the advantage of the

MBCA method flows from its ability to process individual

sample points whereas the MCA method relies only on the

means of the predictor variables for making inferences.
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6.9 Use of the MBCA Method in other Models

The MBCA method can easily be adapted in models other

than mUltiple regression. I now illustrate how the MBCA

method can be used in these models.

Binary Logit Model

Consider first the binary logit model. Suppose that Y

is a binary variable which takes on a value of 1 if

individual is in the labor force, 0 if the individual is out

of the labor force. Suppose also that the predictors of Y

are sex, education (high, medium, low) and residence (urban,

rural). I denote the variables as follows:

H = 1 if high education, 0 otherwise;

M = 1 if medium education, a otherwise;

U = 1 if urban, a otherwise; and

F = 1 if female, a otherwise.

In addition, the binary logit model is specified as

follows:

(6-24) P(Y=l) = l/l+exp[-(a+bH+cM+dU+eF)].

If this logit model is fitted to, say, the employees in a

particular industry and the parameters estimated by maximum

likelihood, then the MBCA Table should look like Table 6.8.

"Predicted if High" in Table 6.8 can be interpreted as

the average predicted value of P for all the employees in

the sample assuming that they all have "high" education.

"Predicted if High" can also be interpreted as the
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proportion of employees in a hypothetical sample-

hypothetical sample is composed of "clones" of the original

sample except for the fact that the clones have "high"

education--for which Y=l. Likewise, "Predicted if Female"

can be interpreted as the average predicted value of P for

all the employees in the sample assuming that they are all

females. Moreover, the difference between "Predicted if

Female" and Predicted if Male" can be interpreted as the

difference in the average predicted value of P of two

hypothetical samples, all other things held constant.

However, the difference between "Predicted if Female" and

"Predicted if Male" can also be interpreted in another way.

Denoting "Predicted if Female" by p f and "Predicted if Male"

by P'", then (pf_pOl
) can be written as follows:

(6-25) (pf_pOl
) = (2::;11 l+exp[ - (a+bHj+cMj+dUj+e (1) ) ]) In

- (2:: j11 1+exp [- (a+bHj+cMj+dUj ) ] ) In,

[l:j (1 11+exp [- (a+bHj+cMj+dUj+e ( 1) ) ]

- 1/1+exp [- (a+bHj+cMj+dUj) ] ) ] In.

Thus, (pf_pOl
) can also be interpreted as the average change

in each employee's predicted P value, that is, the average

change in P from being male to being female, all other

things held constant.

In addition, "Predicted if Urban and Female ll in the

table can be interpreted as the average predicted value of P

for all the employees in the sample assuming that they are
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all females and living in an urban place of residence.

"Predicted if Urban and Female" can also be interpreted as

the proportion of employees in a hypothetical sample-

hypothetical sample is composed of "clones" of the original

sample except for the fact that the clones are all females

and living in an urban place of residence--for which Y=l.

One of the "nice" properties of Table 6.8 is that the

entries pertaining to each categorical variable varies about

the mean of the response Y for the entire sample. This

property follows from the fact that if the logit model (with

a constant) in (6-24) were evaluated for each employee and

the estimated probabilities summed up, then the average P

value should equal the mean of Y for the entire sample. For

example, the mean of Y for the entire sample should lie

somewhere between p f and P'",

Table 6.8 can also be extended to handle results that

pertain only to sUb-samples, e.g., urban sub-sample, female

sUb-sample.

Another "nice" property of the logit model in (6-24) is

that the predicted frequency is equal to the actual

frequency for each sex group or residence group. Thus,

tables pertaining to sub-samples should again vary about the

mean of Y for that particular sub-sample that is being

studied.
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Multinomial Logit Model

I now focus the discussion on the multinomial logit

model to demonstrate how the MBCA method can be applied to

the multinomial logit model.

Suppose that a set of three occupational categories

with no particular ordering exist. Let these occupational

categories be: menial; blue collar; and white collar.

Suppose also that

~ = 1 if individual is employed in occupational

category j (j=1,2, and 3)

= 0 otherwise.

Suppose also that probability of employment in the three

occupational categories depend upon the following variables:

sex, education (high, medium, low) and residence (urban,

rural). I denote the variables as follows:

H 1 if high education, 0 otherwise;

M = 1 if medium education, 0 otherwise;

U = 1 if urban, Q otherwise; and

F 1 if female, 0 otherwise.

Suppose that the multinomial logit model is specified as

follows:

(6-26) p. =
J

for j=1,2 and 3,
~exp(~+~H+SM+~U+~F)

where a3=b3=c3=d3=e3=Q and Pj=P (Yj=l) .
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If this multi-Iogit model is fitted to, say, the

employees in a particular industry and the parameters

estimated by maximum likelihood, then the MBCA Table should

look like Tables 6.9a, 6.9b and 6.9c.

Tables 6.9a, 6.9b and 6.9c should appear only as one

table but the summation formulas for the P's are long so I

had to break them up. However, in practice the P's should

fit in one table since it is only the results and not the

summation formulas which need to appear in the table.

"Predicted if High" in Table 6.9a can be interpreted as

the average predicted value of PI for all the employees in

the sample assuming that they all have "high" education.

"Predicted if High ll in Table 6.9a can also be interpreted as

the proportion of employees in a hypothetical sample-

hypothetical sample is composed of IIclones" of the original

sample except for the fact that the clones have IIhigh"

education--for which YI=l. Likewise, IIPredicted if Female"

in Table 6.9a can be interpreted as the average predicted

value of PI for all the employees in the sample assuming

that they are all females. Moreover, the difference between

"Predicted if Female" and "Predicted if Male" in Table 6.9a

can be interpreted as the difference in average predicted

value of PI of two hypothetical samples or it can also be

interpreted as the average change in each employee's

predicted PI value, that is, the average change in PI from

being male to being female, all other things held constant.



176

One of the "nice" properties of Table 6.9 is that the

entries pertaining to each categorical variable varies about

the mean of the response Yj for the entire sample. This

property follows from the fact that if the multinomial logit

model (with constants) in (6-26) were evaluated for each

employee and the estimated probabilities summed up, then the

average ~ values should equal the means of the ~'s for the

entire sample. For example, the mean of Y1 for the entire

sample should lie somewhere between "Predicted if Male" and

"Predicted if Female" in Table 6.9a.

Table 6.9 can also be extended to handle results that

pertain only to sUb-samples, e.g., urban sUb-sample, female

sub-sample.

Another "nice" property of the multinomial logit model

in (6-26) is that the predicted frequency is equal to the

actual frequency for each sex group or residence group in

the four occupational categories. Thus, tables pertaining to

sub-samples should again vary about the means of the ~'s

for that particular sUb-sample that is being studied.

Elasticities and Other Non-linear Models

I will not discuss the application of the MBCA method

in other non-linear regression models because these models

are not used as often as the logit and the multinomial logit

models. However, it should not be difficult to apply the

MBCA method to these other models because--as I have

demonstrated in the previous sections--the MBCA method is
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very flexible. Its flexibility comes from its ability to

process individual points and sum up the estimated values.

Thus, the model can easily handle interactions, non

linearity in the predictor variables, and so on.

The method can also be used to calculate elasticities.

Consider, for example, the measurement of elasticities in

linear regression models. The elasticity at any point for

linear models is defined as (aYjaX) (XjY). This measure is

often evaluated at the point of the means of the variables.

However, it might be more appropriate--depending on

specific circumstances--to calculate the elasticity at each

point in the sample and then obtain an "average" for all the

sample points because the measure varies from point to

point. Accordingly, the MBCA technique is perfect for such

an exercise. As an illustration, suppose I want to obtain

the elasticities of the different variables of the linear

regression model in section 6.2 by the "averaging" method.

Then application of the MBCA technique should produce the

results in Table 6.10.

The MBCA method can easily be applied to other types of

"elasticities". The MBCA method is especially appropriate

for estimating elasticities in non-linear models where

elasticity values vary from point to point because the MBCA

method produces an elasticity value that is reflective of

all the points in the sample.
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6.10 Advantages of the MBCA Method

The MBCA method is very useful and valuable in actual

empirical work. First, it is the more appropriate method to

use in non-linear models instead of the MCA method. Second,

it is very flexible and its results are easy to interpret.

Third, the results of the MBCA method can be presented in a

way that is easy to understand.

The MBCA method is especially appropriate for

inherently non-linear models where the change in the

dependent variable due to a change in one or more of the

independent variables cannot be measured at one point, say,

the means of the independent variables, because the change

is not constant from point to point. The MBCA method is

better than other methods in these models because it

measures the change at each sample point while other methods

measure the change at only one point, usually at the means

of the independent variables.

6.11 Estimation Procedure for the MBCA Method

It should be fairly easy nowadays to compute the

"summations" that are integral to the MBCA method. It should

be noted that most of the "summations" of the MBCA method

are direct substitutions which should be easy to calculate

with the use of modern computers and even with personal

computers. In fact, the MBCA method can easily be included

in a commercial statistical package like SAS or SPSS as one
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of the options for the user of the package to choose when

the user is doing some regression analysis. But even if

such an option is not going to be available in the near

future, it should be relatively easy for the user of the

MBCA method to write a program that can process the required

calculations. I did some calculating myself with the use of

SAS and most of the programs that I wrote did not take more

than 20 SAS statements.

Of course, one can use the "mean" formulas of the MCA

method if and when the two methods produce the same results.

However, this practice might confuse the user since the two

methods do not make exactly the same interpretations of

results. Because of such, I suggest that the user of the

MBCA method use the "summation" formulas since it does not

really take much of an effort to compute these "summation"

formulas if one can take avail of a fairly decent personal

computer.

6.12 Summary and Conclusions

This study has reviewed the applications of the MCA

method and finds that the MCA method is not applicable in

logit and multinomial logit models. In fact, the discussion

shows that the application of the MCA method is fairly

limited. To correct for the shortcomings of the MCA method

this study introduces a new method which is named the Micro

Based Classification Analysis (MBCA).
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Briefly, the MBCA is a technique which measures the

change in the dependent variable due to a change in one or

more of the independent variables in linear or non-linear

regression models by measuring the change for each sample

point and then summing or averaging the changes for all the

sample points. The MBCA is especially appropriate for

inherently non-linear models where the change in the

dependent variable due to a change in one or more of the

independent variables cannot be measured at one point, say,

the means of the independent variables, because the change

is not constant from point to point. Hence, the MBCA method

is appropriate for these non-linear cases because it sorts

of "bypasses" these problems by evaluating the change at

each sample point.

The illustrations in this study show that the MBCA

method is fairly easy to use and understand, is very

flexible and can be used in almost all types of linear and

non-linear regression models.



Notes: The underlying regressions are:
Unadjusted: Education: Y a' + b'H + c'M

Residence: Y a" + d"U
Sex: Y a ' " + e'" F

Adjusted: Y a + bH + eM + dU + eF.
R~~ represents the multiple correlation coefficient for the

unadjusted (education) equation. RYIIM.UF denotes the partial
correlation coefficient between Y and Hand M while controlling
for U and F in the adjusted equation. The other Rs in the table
are defined in the same manner as RYIIM and RYIIM.IJF-
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Table 6.2
MeA Table With Interactions

Unadjusted
Variable

+ category Weekly Wages R

Adjusted

Weekly Wages R

Education
1 High
2 Medium
3 Low

Residence and Sex
1 Urban Female
2 Urban Male
3 Rural Female
4 Rural Male

a' + b'
a' + c '
a'

RYUF(UFI
a"+ d"+ e"+ f"
a"+ d"
a"+ e"
a' ,

dU
2Y1IM.UF(UFl

a + b + + eF + fUF
a + c + dU + eF + fUF
a + dU + eF + fiii=

RY\lf(uF)
a + d + e + f ± bH + cM
a + d + bH + cM
a + e + bH_+ cM
a + bH + cM

Notes: The underlying regressions are:
Unadjusted: Education: Y = a' + b'H + c'M

Residence and sex: Y a" + d"U + e"F + f"UF
Adjusted: Y = a + bH + cM + dU + eF + fUF.
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Table 6.3
MCA Table for Sycip and Fawcett's Logit Model

With all variables set to their means, probability of migrating to the
United States: 0.217

Adjusted Values

Continuous Variables:
DIFFMORALITY

Mean + 1 S.D.
Mean - 1 S.D.

Number of consumer items
Mean + 1 S.D.
Mean - 1 S.D.

Subjective norm
Mean + 1 S.D.
Mean - 1 S.D.

Categorical Variables
Education

o (no schooling)
1 (elementary)
2 (high school)
3 (vocational)
4 (college +)

Auspices in the U.S. (Number of places in the U.S.
where there are relatives/friends that can help
in finding a job or providing a place to stay)

o
1
2
3

Number of Adult relatives in the U.S.
1
2
3
4
5

"Entries other than the specific one under investigation
to their mean values.

0.172
0.271

0.300
0.152

0.285
0.162

0.3308
0.2727
0.2214
0.1774
0.1406

0.1202
0.3489
0.6776
0.8919

0.1042
0.1641
0.2491
0.3591
0.4862

were all set
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Table 6.4
Predicted Probabilities of Expecting a Given Type of

Occupation: Korean Immigrant Men, IPDA, 1986

Self- White Blue Work in Not Intending
Variables Employed Collar Collar Any Job to Work

Education (years)
6 0.2988 0.1579 0.5104 0.0223 0.0106

10 0.2961 0.2180 0.4481 0.0274 0.0104
15 0.2799 0.3122 0.3643 0.0340 0.0095

Language
1 0.2511 0.2382 0.4464 0.0510 0.0133
5 0.3281 0.3130 0.3348 0.0173 0.0068

10 0.4021 0.3864 0.2050 0.0039 0.0025

Table 6.5
Illustration of MBCA Table

Average Weekly Wage

Education
1 Predicted if High p::;(a+b(l)+d(Uj)+e(Fj» lin
2 Predicted if Medium [~;(a+c(l)+d(U;)+e(F;) lin
3 Predicted if Low [~i(a+d(U;)+e(F;» lin

Residence
1 Predicted if Urban [~;( a+bHj+cMi+d (1) +e (F;) ) lin
2 Predicted if Rural [~;(a+bHi+cMj+e(Fi» lin

Sex
1 Predicted if Female [~i(a+bHj+cMi+dUi+e(l» lin
2 Predicted if Male [~;(a+bHj+cMj+dUi)lin

Notes: The underlying regression is:
Y = a + bH + cM + dU + eF.

(t) (t) (t) (t)
R~ =

Hi' Mj, Uj and Fj are the values of H, M, U, and F for the ith
employee in the sample (i=1,2, ... ,n), where n is the number
of employees in the sample.
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Table 6.6
Illustration of MBCA Table for Female Sub-sample

Average Weekly Wage

Education
1 Predicted if High [~;(a+b(l)+d(Ud+e(l))llnr
2 Predicted if Medium [E;(a+c(1)+d(Uj)+e(l)) llnr
3 Predicted if Low [E;(a+d(Ud+e(l)) llnr

Residence
1 Predicted if Urban [~j (a+bHj+cMj+d (1) +e (1) ) llnr
2 Predicted if Rural [ E;( a +bHj+cMj+e ( 1) ) 1I n,

Sex
1 Predicted if Female [E;( a +bHj+cMj+dUj+e ( 1) 1I nr
2 Predicted if Male [~;(a+bHj+cMj+dUj)llnr

Notes: The underlying regression is:
Y = a + bH + cM + dU + eF.

(t) (t) (t) (t)
R! =

Hj, Mj, Uj and F j are the values of H, M, U, and F for the ith
employee in the female sub-sample (i=1,2, ... ,nr), where nr is
the number of employees in the female sub-sample.
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Table 6.7
MBCA Table for Interaction Model

Average Weekly Wage

Education
1 Predicted if High
2 Predicted if Medium
3 Predicted if Low

Residence
1 Predicted if Urban

2 Predicted if Rural

Sex
1 Predicted if Female
2 Predicted if Male

Residence and Sex
1 Predicted if Urban and Female
2 Predicted if Urban and Male
3 Predicted if Rural and Female
4 Predicted if Rural and Male

[E;(a+b(l}+d(uj}+e(F;)+f(U j } (F;)} lin
[E;(a+c(l}+d(U;)+e(F;)+f(U;} (Fj}) lin
[E;(a+d(U;)+e(Fj}+f(U;) (F;}) lin

[E;( a+bHj+cMj+d (l) +e (F;) +f (F;) } lin
[ E;( a +bHj+cMj+eF;} 1In

[E;(a+bHj+cMj+dUj+e(l}+f(Uj}} lin
[E;( a+bHj+cMj+dU;} lin

[E;( a+bHj+cMj+d (l) +e (l) +f (l) (l) } lin
[E;( a+bHj+cMj+d (l) } lin
[E;( a+bHj+cMj+e (1) } lin
[E;( a+bHj+cM;} 1In

Notes: The underlying regression is:
Y = a + bH + cM + dU + eF + fUF.

(t) (t) (t) (t) (t)
R: =

Hj, Mj, Uj and Fj are the values of H, M, U, and F for the ith
employee in the sample (i=1,2, •.• ,n), where n is the number
of employees in the sample.
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Table 6.8
MBCA Table for Logit Model

Average Predicted Value of P

Education
1 Predicted if High
2 Predicted if Medium
3 Predicted if Low

Residence
1 Predicted if Urban
2 Predicted if Rural

Sex
1 Predicted if Female
2 Predicted if Male

Residence and Sex
1 Pred. if Urban and Female
2 Pred. if Urban and Male
3 Pred. if Rural and Female
4 Pred. if Rural and Male

P:j(l/1+exp[-(a+b(l)+dUj+eFj) l) lin
[~;( 111+exp [- (a+c (1) +dUj+eF;) ) lin
[~;(1/1+exp[-(a+dUj+eF;)l ) lin

[~j (111 +exp [- (a+bHj+cMj+d (1) +eF;) 1) lin
[~(1/1+exp[-(a+b~+cM~e~)l)l/n

[~;( 111+exp [- (a+bHj+cMj+dUj+e (1) ) 1) lin
[~j(1/1+exp[-(a+bHj+cMj+dU;)l ) lin

[~;(l/1+exp[-(a+bHi+cMj+d(l)+e(l» l) lin
[~;(1/1+exp[-(a+bHj+cMj+d(1» I) lin
[~;(1/1+exp[-(a+bHj+cMj+e(1» l) lin
[~j (111 +exp [- (a+bHj+cM;) l ) lin

Notes: The underlying logit regression is:
P =1/1+exp[-(a + bH + cM + dU + eF)l.

(t) (t) (t) (t)
Chi-squared =

Hj, Mi , u, and Fj are the values of H, M, U, and F for the ith
employee in the sample (i=1,2, •.. ,n), where n is the number
of employees in the sample.



188

Table 6.9a
MBCA Table for Multi-logit Model

Average Predicted Value of P,

Education
Predicted if High
Pred. if Medium
Predicted if Low

Residence
Pred. if Urban
Predicted if Rural

Sex
Pred. if Female
Predicted if Male

P:i [exp (a,+b, (1) +d,Ui+e,F;) I~jexp(aj+bj (1) +dPi+ejF;) 1) In
(~i[exp( al+c, (1) +dIUi+e,F;) I~jexp (aj+cj (1) +dPi+ejFi) 1) In
(~i[exp( al+dIUj+e,F;) I~jexp(aj+dpi+ejF;) 1) In

(~j [exp (a,+b,Hi+c,Mi+d,+e.F;) I~jexp(aj+bjHj+cjMi+dj+ejF;) 1) In
(~j[exp( a,+b,H;+cIMi+e,F;) I~jexp (aj+bjH;+cjMj+ejFj) 1) In

( ~i [ exp ( a, +b,Hi+c,Mi+d,Ui+el ) I~jexp ( aj+bjHi+CjMj+djUi+ej) 1) In
(~j [exp (a,+b,Hi+cIMi+d,Uj) I~jexp (aj+bjHi+cjMi+dPi) 1) In

Notes: The underlying multinomial logit regression is:
exp ( aj+bjHi+CjMj+dPi+ejFi)

Pij for i=l,2, ••. n and j=1,2 and 3.
~jexp (aj+bjHi+CjM;+dpi+ejFi)

Chi-squared =
Hi' Mi , Ui and Fi are the values of H, M, U, and F for the ith

employee in the sample (i=l,2, ••• ,n), where n is the number
of employees in the sample.
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Table 6.9b
MBCA Table for Multi-logit Model

Average Predicted Value of P,

Education
Predicted if High
Pred. if Medium
Predicted if Low

Residence
Pred. if Urban
Predicted if Rural

Sex
Pred. if Female
Predicted if Male

(~j[ exp (a:!+b:!( 1) +d:!Uj+e:!Fd I~jexp(aj+bj (1) +djUj+ejFj) 1) In
(~j[ exp( a:!+c:!( 1) +d:!Uj+e:!Fj) I~jexp( aj+cj (1) +djUj+ejFj) 1) In
(~j [exp (a:!+d:!Uj+e:!Fj) I~jexp (aj+djUj+ejFd 1) In

(~j [exp (a:!+b:!Hj+c:!Mj+d:!+e:!Fj) I~jexp (aj+bjHj+cjMj+dj+ejFj) 1) In
(~j[ exp( a:!+b:!Hj+c:!Mj+e:!Fj) I~jexp( aj+bjHj+cjMj+elj) 1) In

(~j [exp (a:!+b:!Hj+c:!Mj+d:!Uj+e:!) I~jexp (aj+bjHj+cjMj+dpj+ej) 1) In
(~j[exp(a:!+b:!Hj+c:!Mj+d:!U;)l~jexp(aj+bjHj+CjMj+dPdl ) In

Notes: The underlying multinomial logit regression is:
exp ( aj+bjHj+cjM;+dpj+ejFj)

Pij for i=l,2, ••• n and j=l,2 and 3.
~jexp(aj+bjH;+cjMj+dp;+ejF;)

Chi-squared =
Hi' Mj , u, and F j are the values of H, M, U, and F for the ith

employee in the sample (i=l,2, ••• ,n), where n is the number
of employees in the sample.
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Table 6.9c
MBCA Table for Multi-logit Model

Average Predicted Value of P3

Education
Predicted if High
Pred. if Medium
Predicted if Low

Residence
Pred. if Urban
Predicted if Rural

Sex
Pred. if Female
Predicted if Male

(~j [exp (a3+b3 ( l) +d3Uj+e3Fj) I~jexp (aj+bj (l) +dpj+ejFj) 1) In
(~j [ exp ( a3+c3 ( 1 ) +d3Uj+e3Fj) I~jexp (aj+cj ( 1 ) +dpj+ejFj) 1) In
(~j [exp (a3+d3Uj+e3Fj) I'r.jexp (aj+dpj+ejFj) 1) In

(~j [exp (a3+b3Hj+c3Mj+d3+e3Fj) I~jexp (aj+bjHj+CjMj+dj+ejFj) 1) In
(~j [exp (a3+b3Hj+c3Mj+e3Fj) I~jexp (aj+bjHj+CjMj+ejFj) 1) In

(~j [exp (a3+b3Hj+c3Mj+d3Uj+e3) I~jexp (aj+bjHj+cjMj+dpj+ej) ] ) In
(~j [exp( a3+b3Hj+c3Mj+d3Uj) I'r.jexp (aj+bjHj+cjMj+djUj) ] ) In

for i=l,2, ••• n and j=l,2 and 3.

Notes: The underlying multinomial logit regression is:
exp ( aj+ bjHj+cjM;+dpj+ejFj)

~jexp (aj+bjHj+cjMj+dpj+ejFj)
Chi-squared =

Hj, Mj, Uj and Fj are the values of H, M, U, and F for the ith
employee in the sample (i=l,2, ••• ,n), where n is the number
of employees in the sample.
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MBCA Table for Calculating Elasticities in Linear Models

Elasticity
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H (High Education)

M (Medium Education)

U (Urban)

F (Female)

[(b) (L:;[HJY;]) lin

[(c) (L:j[MJY;]) lin

[(d) (L:;[UJY;]) lin

[(e) (L:;[FJY;]) lin

Notes: The underlying regression is:
Y = a + bH + eM + dU + eF.

(t) (t) (t) (t)
R~ =

H;, Mi , Uj , F j and Yj are the values of H, M, U, F and Y for the
ith employee in the sample (i=1,2, ..• ,n), where n is the
number of employees in the sample.
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CHAPTER 7

INVESTMENTS IN U.S. SCHOOLING OF KOREAN AND

FILIPINO IMMIGRANTS IN THE UNITED STATES

7.1 Introduction

The upsurge of Asian immigration to the u.s. has been

especially dramatic in the cases of Korea and the

Philippines. From just over 3,000 in 1965, Filipino

immigration to the u.s. has grown to more than 50,000

annually since 1986 while Korean immigration has grown from

some 2,000 immigrants in 1965 to more than 30,000 annually

since 1976. All through the 80s, the Philippines and Korea

ranked among the top three Asian countries in sending the

largest numbers of immigrants annually to the u.s. (Gardner

1992) .

The rapid increase in immigration rates from these two

countries has spawned research relating to the impact of

Korean and Filipino immigration on the u.s. economy.

However, it has also opened up a new subject of interest,

that of an investigation of the socio-economic adjustment

patterns of Filipino and Korean immigrants in the u.s. The

interest stems from the fact that while the pre-immigration

backgrounds of Filipino and Korean immigrants do not differ



193

much,) their socio-economic adjustment experiences in the

u.s. are entirely poles apart. The most perplexing

difference between these two groups is in the area of self-

employment: Korean immigrants tend to engage in small

business or self-employment while Filipino immigrants do not

(Min 1986). In addition, whereas the earnings of male

Korean immigrants compare favorably with that of other Asian

immigrant groups, male Filipino immigrants earn much lower

incomes than immigrants from other Asian countries (Chiswick

1979) .

In recent years, a small group of economists and

sociologists have begun a systematic study of the

experiences of Korean and Filipino immigrants in the U.S. 2

Their studies have focused mainly on the earnings,

occupational attainment, socio-economic adjustment patterns

and settlement patterns of Korean and Filipino immigrants

in the u.s. The purpose of this study is to present an

empirical analysis that complements the research in earlier

studies by focusing on the investments in u.s. schooling of

'Pre-immigration backgrounds and motives of immigration of Korean
and Filipino immigrants are very similar. Early Korean and Filipino
immigrants were mostly young, uneducated farmers or laborers from rural
areas in Korea and the Philippines whereas recent Korean and Filipino
immigrants come from urban areas, are better educated and from the
middle strata of each country. Furthermore, majority of Korean and
Filipino immigrants migrate to the u.s. because of economic reasons (Kim
1981 and Pido 1986 in Lee 1988).

~See, for example, Asis (1991), Carino et ale (1990), Park et ale
(1990), Barringer et ale (1990), Fawcett et ale (1990), Light and
Bonacich (1988), Mangiafico (1988), Caces (1987), Pido (1986), Hurh and
Kim (1984), Fujii and Mak (1985), Light (1987) and Magdalena (1982).
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Korean and Filipino immigrants in the u.s. Given the

relationship between human capital accumulation and

earnings,3 a study of post-migration investment in

schooling will likely contribute new information on the

assimilation process of Korean and Filipino immigrants in

the U.S. and hopefully, to an explanation of why the socio-

economic outcomes of the adjustment process of Korean and

Filipino immigrants are very different.

I attempt to achieve these objectives by using a data

set that provides information on the experiences of Korean

and Filipino immigrants who first entered the u.s. as

nonimmigrants. In the next section I discuss briefly the

data set and my reasons for choosing this particular data

set for this study.

7.2 Description of the Data

The data for this study are drawn from the 1986 Status

Adjusters Survey. This survey was conducted by the East-West

Center Population Institute in 1986 with the cooperation of

the Immigration and Naturalization Service (INS). The

respondents in the survey were all adult Korean and Filipino

"status adjusters" who adjusted to immigrant status in the

united States during the last six months of 1986. ["Status

3The essence of human capital analysis is that investments which
enhance a person's skill and productivity will also enhance a person's
earnings potential. Investments in human capital may be undertaken
through the following channels: schooling, on-the-job training, health
improvement, language training and migration (Becker 1962, 1975).
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adjusters" are those who are issued immigrant visas while

they are in the united states on nonimmigrant visas

(tourists, students, business visitor, temporary workers,

and so orij v ]"

The survey generated responses from 549 Koreans and

1,565 Filipinos, representing 14% and 17% of the calendar

year 1986 adult status adjuster populations, respectively.

Comparison of the status Adjusters Survey data with

comparable data on the total population of 1986 Status

Adjusters has provided evidence that the responding group

was very similar to the non-responding group in this mail

sur-vey ."

The Status Adjusters Survey provides information on

the experiences of Korean and Filipino immigrants who were

admitted to the u.s. as nonimmigrants. Hence, the use of

this data would provide a great deal of information on the

experiences of non immigrants in the u.s.

A study focusing on the experiences of nonimmigrants

would be useful to people involved in the task of evaluating

the effectivity of past immigration policies since the

"nonimmigrant issue" is an important component of u.s.

immigration. Its importance sterns from the fact that

4Status adjusters comprise a big percentage of legal immigrants to
the United states. In 1986, 25 percent of the cohort of Filipino
immigrants and 18 percent of the Korean cohort of ages 18-69 were status
adjusters.

5Se e Park et al. (1990), Arnold et al. (1989), Carino et al. (1990)
and Fawcett et al. (1990) for more details relating to the Status
Adjusters Survey evaluation.
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nonimmigrants constitute a big percentage of the aliens who

enter the U.S. each year. 6 Nonimmigrants are also an

integral part of continuing debates on U.S. immigration

policies because of the large numbers of nonimmigrants who

apply for immigrant visas each year,? many of whom have

superior education and qualifications than those who apply

for U.S. immigrant visas in their native countries (Carino

et ale 1990, Koch 1987). Moreover, this influx of

nonimmigrants with superior skills and qualifications is not

expected to decline in the near future. For example,

Agarwal and Winkler (1985) conclude that the number of

professionals who migrate to the U.S. using the indirect

channel--which entails entering the U.S. as foreign

students, temporary visitors or workers and subsequently

adjusting visa status to immigrants--has increased in

magnitude over time and that number of adjustments can be

expected to further increase in the future as the eligible

pool continues to expand. Overall, these trends indicate

that the nonimmigrant issue will continue to be an important

part of the recurrent immigration policy question of whether

to select immigrants on the basis of qualifications related

6There are no statutory ceilings on admissions of non immigrants by
nation as there are in the laws governing the admission of immigrants
(Kurzban 1991, p. 215).

~ardnerf Robey and Smith (1985) observed that "by 1981, most
Asians counted as immigrants were not newly arrived in the U.S. but
persons already in the U.S. either as refugees or as nonimmigrants and
had their status adjusted to immigrant status without leaving the
country."
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to U.S. labor market requirements or to select immigrants on

the basis of family relationships.

7.3 Korean and Filipino Nonimmiqrants in the u.s.

Many Filipinos and Koreans enter the u.S. as

nonimmigrants. Since 1966, the number of Koreans and

Filipinos who entered the u.s. as non immigrants have

outnumbered those who entered the u.s. as immigrants. For

instance, in 1989, there were 215,369 Koreans and 153,000

Filipinos who entered the u.s. as non immigrants compared to

only 34,222 Koreans and 57,034 Filipinos who entered the

u.s. as immigrants. In addition, the trend in column 5 of

Table 7.1 indicates that the number of nonimmigrants from

these two countries will continue to rise unless the u.s.

will enact legislation that will limit entry to persons with

visas falling under the nonimmigrant categories.

Table 7.2 shows that a large percentage of Filipino

nonimmigrants primarily come to the u.s. as tourists while

Koreans primarily come as tourists and visitors for

business. Over the years the percentage of Koreans coming

to the u.s. as tourists has constantly grown, from 34

percent in 1970 to 45 percent in 1989 while the percentage

of Filipinos coming to the u.s. as tourists has remained

steady throughout the 80's in the 50-60 percent bracket.

The figures in the table also reveal that there has been a

modest increase in the number of Koreans and Filipinos who
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come to the u.s. as temporary visitors for business although

the percentage for the Koreans remains considerably larger

than that of the Filipinos. This latter figure should

reflect the fact that the volume of trade between Korea and

the u.s. is much greater than that between the Philippines

and the u.s. In addition, the table reveals that there are

more Korean nonimmigrants who enter the u.s. on student

visas compared to Filipinos.

The implementation of u.s. legislation limiting the

entry of immigrants into the u.s. may have forced "would be"

immigrants from the Philippines and Korea to seek other

means by which they can immigrate to the u.s. The trend

towards increased entry of Korean and Filipino non immigrants

into the u.s. could be an indication that the "nonimmigrant

route" may have been used as one such means especially since

a substantial proportion of Korean and Filipino

nonimmigrants adjust their status to permanent residents

annually. This trend is reflected in Table 7.3 below where

it is shown that the number of "status adjusters" is

constantly growing year by year. 8 For instance, in 1989,

there were 16,537 Filipino and 5,974 Korean status adjusters

compared to 3,971 Filipino and 2,078 Korean status adjusters

in 1970. Of the Filipinos who adjusted their status in

1970, almost three fourths (71 percent) were those who

S"Status adjusters" are those who apply for and issued immigrant
visas while they are in the United States as nonimmigrants.
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entered with tourist visas and about 18 percent were divided

between those who entered in the exchange visitor and

student categories. In 1989, the tourist nonimmigrant

status was still the major source of Filipino adjusters (41

percent), but students and exchange visitors were no longer

major sources of status adjusters. In the meantime,

temporary workers, trainees and fiancees of u.s. citizens

had become important sources of Filipino status adjusters

over the years. In comparison, the majority of Korean

nonimmigrants who adjusted their status to permanent

residents in 1989 were tourists for pleasure (40.9 percent)

and students (19.4 percent). However, although both visa

status categories have remained major sources of Korean

status adjusters over the years, the trend of contribution

coming from student sources is apparently on the decline,

from a high of 44 percent in 1970 to about 19 percent in

1989.

While many non immigrants are able to gain permanent

residence in the u.s. by adjusting status legally, the

others who were not fortunate enough to have their status

adjusted during the terms of their visas may have remained

in the u.s. after visa expiration. In fact, majority of

aliens deported each year by u.s. immigration authorities

are "visa abusers". For instance, in 1986, 88 Filipinos

and 18 Koreans were deported by INS because of their
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failure to "maintain or comply with conditions of

nonimmigrant status".

7.4 Framework

7.4.1 Past studies

Borjas (1982) and Hashmi (1987) study the economic

progress and labor market adjustment of immigrants in the

u.s. by investigating the different factors that motivate

immigrants to invest in schooling in the u.s. Both studies

facilitate their analysis by regressing a measure of

educational attainment for immigrants as a function of human

capital variables, socio-economic variables, demographic

variables and variables representing costs and returns of

education. Both studies also employed OLS in estimating

their regression equations.

Borjas (1982) used data from the 1976 Survey of Income

and Education to test the hypothesis that major differences

in the rate of economic mobility among various Hispanic

groups in the u.s. are accounted for by differences in the

rate of post-migration human capital accumulation of these

groups.

Borjas tests the above hypothesis by first estimating a

"Mincer-type" earnings function to determine the relative

rate of economic progress of each Hispanic group. Borjas

then obtains estimates of differences in rates of human

capital accumulation among the various Hispanic groups by
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looking at differences in years of schooling obtained after

migration to the u.s. Borjas justifies this latter step by

arguing that schooling investments in the u.s. are

positively correlated with the total volume of human capital

obtained after migration.

SUbsequently, Borjas tests the hypothesis that their

exists intra-Hispanic differences in the demand for human

capital investments in schooling by estimating the following

demand function for u.S. education:

EDUCUS = Z~o + ~I*MEXICAN + ~2*(PUERTO RICAN) +

~3*CENTRAL + ~4*OTHER + n

where EDUCUS is the number of years of u.s. schooling

obtained by the immigrant; Z is a vector of variables

measuring the costs and returns of u.s. education, as well

as the immigrant's socio-economic characteristics and the

omitted dummy variable indicates whether the immigrant is of

Cuban origin. The vector Z includes: immigrant's age,

marital status, health status, SMSA status, whether enrolled

in an educational program in 1976, and the number of years

obtained prior to imrnigration. 9

9Borjas writes that the variable representing years of schooling
prior to immigration controls both for income and price effects. He
argues that the larger is the accumulated number of years of schooling
prior to immigration, the more possible it may be to finance further
investments in education (income effect) but the higher is the
opportunity cost of investing in further education (price effect).

The estimates of Borjas produced a strongly negative coefficient
for the variable representing years of pre-immigration schooling.
Borjas takes this to mean that "the price effect of obtaining further
education due to the higher opportunity cost is very important" in the
immigrant's decision to invest in u.s. schooling.
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Borjas finds that the higher rate of economic progress

of Cuban immigrants relative to other Hispanic immigrants is

in part due to the fact that Cuban immigrants have invested

more in u.s. schooling than other Hispanic immigrants

arriving in this country at the same time. Borjas concludes

that his findings are consistent with the hypothesis that

political refugees are likely to face higher costs of return

immigration than do "economic immigrants", and therefore the

former have greater incentives to adapt rapidly to the u.s.

labor market.

Hashmi (1987) utilized data from the 1976 Survey of

Income and Education and the 1980 Census of Population and

Housing to study the determinants of post-migration

investment in education of foreign-born men in the u.s. and

to explain post-migration schooling differentials among

foreign-born men from all countries of origin. Using the

framework of human capital theory, Hashmi developed several

hypotheses that are related to differentials in post

migration schooling arising from differences in the

international transferability of skills of immigrants corning

to the u.s. In particular, Hashmi made use of the

presumption that the greater the international

transferability of skills the lower the pay-off from post

migration schooling to test the hypothesis that migrants

from non-English speaking countries invest more in post-
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migration schooling than migrants from English speaking

countries.

Hashmi (1987) employed the following estimating

equation in her study:

years of post-migration schooling = f(H,G,D,R,S,C)

where H is a vector of human capital variables, G and Dare

vectors representing geographic and demographic variables, R

is a vector of variables related to duration of residence in

the U.S., S is a vector of variables related to U.S.

schooling and C is a vector of dummy variables representing

country of origin.

Specifically, the vector of explanatory variables

include the following: immigrant's age; immigrant's age

squared; years of schooling completed prior to migration;

years of schooling completed prior to migration squared;

dummies for urban-rural residence and south/non-south region

of residence; marital status; a variable estimating

probability of being a foreign-born on a student visa; a

variable measuring cost of college expenses in various

states in the U.S.; and dummies for economic migrants from

English-speaking countries, economic migrants from non

English speaking countries and countries with large migrant

streams of refugees.

Hashmi writes that pre-immigration schooling can

influence post-migration schooling in two offsetting ways.

Years of schooling in the origin can act as a substitute for
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schooling in the destination, thereby discouraging

acquisition of post-migration schooling or it can be

complementary to post-migration schooling, thereby

increasing the returns to further investments in schooling.

According to Hashmi, the complementary effect of pre

immigration schooling can be viewed as an extension of

Schultz' (1975) work that maintains that the stock of human

capital embodied in a migrant at the time of migration is an

indicator of the worker and allocative skills possessed by

the migrant. This perspective assumes that migrants with

greater stock of human capital (in the form of pre

immigration schooling) will not only be more efficient in

their abilities to learn and perform tasks related to u.s.

schooling (e.g., using library and computer facilities,

getting academic information, doing school work, etc.) but

will also be more cognizant of the gains and economic

opportunities afforded by u.s. schooling and thus, will be

more likely to invest in u.s. schooling than those migrants

who have less years of pre-immigration schooling.

The empirical results of Hashmi's study from the 1980

Census sample provide strong evidence that foreign-born men

from non-English speaking countries invest more in years of

post-migration schooling than those coming from English

speaking countries. Moreover, her results confirm the

significance of the effect of pre-immigration schooling on

post-migration schooling.
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Hashmi concluded that the main problems that she

encountered in her study were that neither of her two data

sets give an accurate measure of post-migration schooling

and also do not give information on the visa-status of the

foreign-born. Because of such problems, she recommends that

future studies dealing with investments in human capital

should relate to improvements in data quality.

7.4.2 Determinants

Many factors seem to determine immigrants' decision to

invest in additional schooling in the u.s. However, Hashmi

(1987) was successful in identifying many of these factors

by linking the concept of international transferability of

skills with the nature of schooling and training of the

immigrant in his country of origin.

The link follows from the fact that training or

schooling abroad almost always have general and country

specific features. For example, training for statisticians

and lawyers incurs many years of schooling. However,

statistical training is generally universal while laws are

country-specific. An immigrant with general skills will

likely find that his skills are readily transferable from

the origin to the destination while an immigrant with

cUlture-specific or country-specific skills will likely find

that he will need extensive schooling or retraining before

he can resume a similar career in his place of destination.
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In the extreme, an immigrant who is possessed of non

transferable skills like being a folk-singer or a politician

may find that he will have no opportunities to use his

former skills in his new environment other than the

possibility of practicing them in an enclave.

Accordingly, if schooling and on-the-job training in

the country of origin are not heavily biased toward country

specific elements and have characteristics similar to those

of schooling and on-the-job training in the country of

destination, then the immigrants from such countries will

possess skills that are readily transferable from the origin

to the destination. Thus, immigrants from countries with a

language, technology, culture, customs, education structure

and economic structure that are similar to that in their

country of destination are likely to have acquired skills

that are readily transferable from the origin to the

destination.

It is apparent from the above discussion that the

degree of transferability of immigrant's original skills is

important in his subsequent decision to invest in u.s.

schooling. Presumably, those immigrants who corne with skills

that are not strongly transferable to the u.s. job market

will invest heavily in u.s. schooling if such schooling will

make their skills relevant in the u.s. job market. On the

other hand, those immigrants who come with highly

transferable skills may choose not to invest in u.s.
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schooling since the pay-off from investments in u.s.

schooling is likely to be small for immigrants who come with

highly transferable skills.

The assumption that the opportunity cost of investments

in u.s. schooling of immigrants with highly transferable

skills is higher compared to immigrants with weakly

transferable skills follows from Mincer and Ofek's (1982)

hypothesis that immigrants, like intermittent workers, are

more likely to undertake "repair" or restoration of

previously acquired human capital because it is more

efficient and less costly than new investments in human

capital. Thus, immigrants who have highly transferable

skills are less likely to invest in u.s. schooling than

immigrants with weakly transferable skills because

investments in u.s. schooling will fall in the "new

investments" category for the former while for the latter,

it will fall in the "repair and restoration" category. Of

course, a notable exception to this rule is when immigrant's

skills have very little transferability or is not

transferable at all because under these situations "repair

and restoration" is either very inefficient or is useless

since no amount of repair and restoration can make these

type of skills relevant in the u.s. labor market.

The degree of transferability of immigrant's skills,

however, is affected to some extent by the existence of

labor market discrimination in the u.S. labor market because
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the latter's existence would imply that immigrant may face

varying obstacles in the transfer of their foreign-acquired

skills in the u.s. labor market. These discrimination

obstacles could take the form of non-recognition of the

immigrant's degrees or skills by u.s. employers, licensing

restrictions by trades and professions, restrictions in

joining unions, arbitrary hiring standards, among others.

Thus, even if the immigrant's skills are highly mobile,

because of discrimination, the immigrant may be forced to

return to school for retraining, certification and American

credentials. Discrimination may also force the immigrant to

abandon his former skills and work in jobs where

discrimination is less like working in an ethnic enclave or

going into self-employment. The latter alternative is

especially likely in cases where the immigrant perceives

discrimination to be a significant barrier to upward

mobility.

Besides transferability of skills, other factors that

strongly influence post-migration investment in schooling

include the variables that affect the demand for u.s.

schooling. The immigrant is unlikely to invest in u.s.

schooling if he finds the price and cost of u.s. schooling

to be prohibitive. For example, going to school may not be

an attractive option if the immigrant has a large family and

a non-working spouse to support or is too old to reap the

benefits of schooling. In any case, if the immigrant finds
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the cost of u.s. schooling to be exceedingly high then he

may just abandon the idea of utilizing u.s. schooling to

make his country-specific skills relevant to the u.s. labor

market but instead concentrate on other alternatives that

may include, among others, working in an enclave where he

can make use of country-specific skills or work in low

skilled occupations where schooling and language skills are

relatively unimportant.

Note that these other factors are in themselves

important components of the hypothesis that immigrants'

invest in the repair and restoration of their human capital

because these factors either increase or decrease the

"price" of the repair and restoration. Many of these factors

such as discrimination are very important because they

affect the immigrant's long-term valuation of the costs and

returns of repairing his previous human capital and so is

going to figure prominently in immigrant's decision to

invest in u.s. schooling or not.

Another important factor that affects the "price" of

the repair and restoration of immigrant's previous human

capital are the costs of return immigration. Presumably,

immigrants who face higher costs of return immigration such

as political refugees are more likely to have a lower

"price tag" for the repair process than, say, economic

immigrants, other things being equal, because the higher

costs of return immigration will likely increase the
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former's incentives to adapt to the u.s. labor market than

the latter.

However, for nonimmigrants, the decision to invest in

u.s. schooling will also be affected by the restrictions

imposed by the Immigration and Naturalization Service (INS)

on their abilities to work in the u.s. since these

restrictions obviously affect their valuation of the price

and cost of u.s. schooling. Holding all other things

constant, the price and cost of u.s. schooling for

nonimmigrants who are not authorized to look for employment

(by INS) are likely to be different from the price and cost

of u.s. schooling for non immigrants who are authorized to

look for employment (by INS).1O

7.5 Investments in u.s. Schooling of Female Korean and

Filipino Immigrants

7.5.1 Modelling the Demand for u.s. Schooling

Approaches Used in Modelling Demand for Education

The literature on education provides two general

approaches for modeling the demand for education. The first

approach specifies the demand for education as a function of

income, money and real costs of education, and other

demographic and socioeconomic variables that are assumed to

IOSee footnote below for INS list of "authorized for employment" and
"not authorized for employment" nonimmigrant visas.
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affect the education process in a single equation

framework. II The second approach analyzes the demand for

education as a private good within a complete consumer

demand model for the allocation of personal consumption

expenditures. This second approach proceeds with the

specification of a functional form for the consumer's

indirect utility function, and then estimating the demand

functions that are generated by the indirect utility

function. 12

The weakness of the first approach is that it carries

the implicit assumption that the utility function is

separable between education and other commodities. This

indicates that education demand is independent of the demand

for other commodities, an assumption unlikely to hold in

view of substitution possibilities between commodities (Kim

1988) •

On the other hand, the second approach has the drawback

that it assumes that education is totally a consumption

good, an assumption that is unlikely to hold because

education, by all indications, contains elements of both

consumption and investment. Preferably, it would be nice if

these two elements--consumption and investment--can be

integrated in a complete consumer demand framework but the

lisee, for example, Campbell and Siegel (1967), Perkins (1977), Lehr
and Newton (1978) and Bergstrom, Rubinfe1d and Shapiro (1982).

12s e e Kim (1988).
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complexities of the integration process make that task

almost impossible (see Kodde and Ritzen 1984).

In constructing a model for the demand of u.s.

schooling by immigrants, I follow the first approach in view

of Mincer and Ofek's hypothesis that immigrants invest in

the repair and restoration of their previously acquired

human capital. If Mincer and Ofek's hypothesis is correct

then investment in u.s. schooling by immigrants is more of a

necessity than of choice and hence, if there exists

substitution possibilities between education and other

commodities, these substitution possibilities should be

considerably less for immigrants than with other groups such

as natives. Accordingly, this implies that the first

approach should provide a good model for analyzing the

demand for u.s. schooling by immigrants in the u.s.

The Model

Borjas (1982) and Hashmi (1987) construct a model of

post-migration investment in u.s. schooling of immigrants by

assuming that immigrant's demand for u.s. schooling is a

function of the costs and benefits of u.s. schooling and

other variables such as demographic and socia-economic

variables that affect the education process. However, rather

than specifying a structural equations system where costs

and benefits of u.s. schooling are specified as endogenous

variables, Borjas and Hashmi specify the following "reduced

form" model:
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where USEDUC j is the number of years of U. S. schooling

obtained by immigrant i and Xj is a vector of exogenous

socio-economic variables that affect immigrant i's valuation

of the costs and benefits of u.s. schooling.

Thus, following the works of Borjas (1982) and Hashmi

(1987), I assume that the following linear regression for

women adequately represents the functional relationship in

(7-1) :

YSAM = {3o + {31YSPM + {32YSPMSQ + {33AGE + {34AGESQ + {3sMS

+ {36YSM + {37YSMSQ + {3gNOWORKVF + {39STUDENTF +

{3 lOMETRO + .BIISOUTH + .B12SCHCOST + .B13LIVCHIL + u

where YSAM is years of schooling in the U.S.; YSPM is years

of schooling prior to migration; YSMPSQ is square of YSPM;

AGE is immigrant's age; AGESQ is square of AGE; MS=l if

married, 0 otherwise; YSM is years since migration; YSMSQ is

square of YSM; NOWORKVF=l if immigrant first entered the

u.s. on a "not authorized for employment" nonimmigrant visa

(other than a student visa), 0 otherwise; STUDENTF=l if

first entered u.s. on a student visa, 0 otherwise; and the

omitted dummy variable for type of entry visa is WORKVF

where WORKVF=l if first entered the u.s. on an "authorized
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for employment" nonimmigrant visa, 0 otherwise; 13 METRO=l

if respondent lives in a large metropolitan area, 0

otherwise;~ SOUTH=l if respondent lives in one of the 17

Southern States, including the District of Columbia, 0

otherwise; SCHCOST is the average tuition and fees for in-

state students in public universities in each state in

1985;15 LIVCHIL is number of living children of respondent.

For the pooled sample of Korean and Filipino status

adjusters, I add a dummy variable KOR for ethnicity where:

KOR=l if respondent is Korean, 0 otherwise. 16

Except for the dummy entry visa variables and the

LIVCHIL variables, all of the other variables entered in the

above specification were also employed in the equations

used by Borjas (1982) and Hashmi (1987). I include the

13I divided the classes of entry visas for nonimmigrants into three
categories. First category are for those visas whose holders are
permitted to work in the u.s. Second category are for those who come on
student or F-1 visas. Third category are for those visas whose holders
are not permitted to work in the u.s. Nonimmigrants with student visas
may be permitted to work on a limited basis off-campus after the first
year. The visas in the first category include: A (Foreign Government
Officials); B-1 (Visitors for Business); G (Officials of International
Organizations; I (Foreign Media); E (Treaty Traders & Investors); H-1,
H-2, H-3 (Temporary Workers & Trainees); J (Exchange Visitors); K
(Fiancees of u.s. Citizens); and L-1 (Intracompany Transferees). The
visas in the third category include: B-2 (Visitors for Pleasure); C
(Aliens in Transit); F-2 (dependents of F-l); H-4 (Dependents of H-l, H
2 & H-3); and L-2 (Dependents of L-1) (Leibowitz 1983, p. 7-2).

~Large metropolitan area follows Bureau of Census definition of a
Standard Consolidated Statistical Area (SCSA). Many of these
metropolitan areas include places in the u.s. where there are large
concentration of immigrants, e.g., Los Angeles-Long Beach-Anaheim, New
York-Newark-New Jersey, and Miami-Fort Lauderdale.

ISSource (for average tuition and fees): Digest of Education
Statistics, 1985.

16Table 7.12 provides a list of all the variables used in this
study.



215

dummy entry visa variables because of Hashmi's (1987)

results that suggest that types of entry visas have a

significant impact on the subsequent levels of investment in

schooling by immigrants. In addition, I include the LIVCHIL

variable because of research that shows that child care is a

time intensive activity and may result in earnings power

losses for the mother (Mincer and Polachek 1974, Becker

1985). I expect the LIVCHIL variable to have a negative

effect on the decision to invest in u.s. schooling because

the time and money spent for child care could have been

used to invest in u.s. schooling.

The quadratic age variable is included to test whether

post-migration investment in u.s. schooling falls at an

increasing rate. l ? MS is included to control for the

effects of marital status. Controlling for the effects of

marital status is important because being married with

spouse present would tend to depress investment in u.s.

schooling especially if the spouse is a tied mover and has

no labor force participation. The pre-migration schooling

variables are needed to determine the price and opportunity

cost of u.s. schooling relative to schooling in the country

of origin. I include measures of college expenses in the

I7Post-migration investment in u.s. schooling would fall with age
since the pay-off to u.s. schooling falls with age, i.e., it would be
more profitable for younger immigrants to invest in u.s. schooling than
older immigrants because younger immigrants are more likely to spend
more years in the u.s. labor market and hence, more years to reap the
rewards of their investment.
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form of average tuition and fees in pUblic universities to

capture the direct cost component of the total costs of U.S.

education. The variables SOUTH and METRO are included to

control for the possibility that investments in schooling of

the foreign-born will vary in relation to degree of

urbanization or region of residence. The variables YSM and

YSMSQ are introduced to control for the possibility that

investment in U.S. schooling will increase with duration of

residence in the U.S.

Consistent with previous empirical and theoretical

results, I posit that:

and

I also posit that {3&>O. This follows from the hypothesis

that immigrants who first entered the U.S. on a "not

authorized for employment" nonimmigrant category had

stronger incentives to invest in U.S. schooling than

immigrants who first entered the U.S. on an "authorized for

employment" nonimmigrant category because the opportunity

cost of U.S. schooling (foregone earnings associated with

time spent in school) is lower for the former compared to

the latter. 1&

IBThe investment theory of the demand for education assumes that an
individual will purchase an "amount" of education (e.g. college
education) if the present value of the expected stream of benefits
resulting from the education process exceeds the present costs of
education. The expected benefits is composed of monetary (additional
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Moreover, because the variable YSAM (years of

schooling in the U.S.) has a lower limit of zero, then YSAM

is a limited dependent variable and YSAM cannot be modeled

realistically using a linear equation. Therefore, I use the

limited dependent variable model developed by Tobin (1958).

In accordance with this model, I assumed that:

YSAMi = xJ3 + J.1.i'

YSAMj = 0,

if xJ3 + J.1.i > a

if XJ3 + J.1.i ~ a

where YSAMi is years of schooling in the U.s. of the ith

immigrant, Xi is a vector of independent variables for the

ith immigrant, ~ is a vector of unknown coefficients, and J.1.i

is a sequence of error terms distributed as N(0,02 ) .19

However, for purposes of comparison, I also estimate

the preceding equation using OLS. It would be interesting to

compare the results of these two estimates, OLS and Tobit,

because the Tobit model has never been employed before in

studies dealing with post-migration schooling.

7.5.2 Empirical Estimates

Mean Values

The analysis is restricted to all adult female

lifetime income) and non-monetary (additional social and intellectual
amenities) benefits. The costs include direct money outlays (tuition,
fees, etc.) as well as indirect costs in the form of opportunity costs
measured by earnings foregone while individual is in school.

19Th e coefficients of the Tobit model were computed with the SHAZAM
program (see White 1978).
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immigrants in the SAS data set. There are 1,485 female

individuals, 302 Koreans and 1,183 Filipinos, for whom the

data satisfy these restrictions.

Table 7.4 below gives the mean values of the variables

used in the study as well as mean values of some of the

socio-economic characteristics of the sample of female

Korean and Filipino immigrants.

Table 7.4 reveals that female Korean immigrants invest

more in u.s. schooling than female Filipino immigrants. We

see also that female Koreans, on average, immigrate at an

older age and are more likely to enter the u.s. on student

visas than female Filipinos.

Tobit and aLS Estimates

The aLS estimates of the schooling equation are

displayed in Table 7.5. The Tobit estimates of the schooling

equation are displayed in Table 7.6. (All of the Tobit and

aLS equations in Tables 7.5 and 7.6 passed the F-test and

the Chi-Square test at the 5 percent level. T-statistics are

enclosed in parentheses below each coefficient. Significant

coefficients at the 5 percent level are indicated with

asterisk.)

The estimates in Table 7.5 are consistent with

previous empirical results. The negative effect of pre

immigration schooling on post-migration schooling is

consistent with the result obtained by Borjas (1982) for

Hispanic immigrants, i.e., that the higher opportunity costs
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of u.s. schooling for those with more years of schooling in

country of origin acts to reduce investment in u.s.

schooling.

The negative coefficients for the SCRCOST variable in

the three equations are consistent with Rashmi's (1987)

result that amount of U.S. schooling demanded by the

foreign-born decreases as college tuition and fees

increase. The results for the YSM and YSMSQ variables are

also consistent with Rashmi's results that investment in

u.s. schooling by the foreign-born increases as time spent

in the u.s. increases.

The Tobit estimates in Table 7.6 shows an even more

significant coefficient for the NOWORKVF variable compared

to the OLS estimates. This result strengthen further the

empirical support of the hypothesis that immigrants who are

restricted from employment invest more in u.s. schooling

than those who are not restricted from seeking employment.

The results for the dummy entry visa variables in Table

7.6 support the hypothesis that type of entry visa will have

significant effect on decision to invest in u.s. schooling.

As expected, I find that those who come as students invest

heavily in u.s. schooling. I also find that female Koreans

and Filipinos who enter the u.s. on visas that are not

authorized for employment in the U.S. invest more in u.s.

schooling than those who enter the u.s. with visas that are

authorized for employment. This result is consistent with
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the hypothesis that the opportunity cost of u.s. schooling

is an important determinant of immigrant's decision to

invest in u.s. schooling.

The Tobit results also indicate that among female

Koreans, number of living children acts to reduce investment

in u.s. schooling. Again, this result is consistent with

the hypothesis that child care requires time and resources

which could otherwise have been used by the mother to invest

in other forms of human capital such as education.

The negative and significant coefficient of the AGE

variable in the pooled equation supports the hypothesis that

post-migration investment in schooling would fall with age.

I also find that for female Filipinos and Koreans, being

married depresses investment in u.s. schooling.

Perhaps, the more important result in Table 7.6 is that

Korean immigrants invest more in u.s. schooling than

Filipino immigrants because this supports Mincer and Ofek's

(1982) hypothesis that immigrants with weakly transferable

skills are more likely to undertake large investments in

the "repair" or restoration of their previously acquired

human capital compared to immigrants with highly

transferable skills. w

~Although Borjas (1982) and Hashmi (1987) do not take note of
Mincer and Ofek's (1982) hypothesis that immigrants' labor market
experience closely parallels that of intermittent workers, Borjas and
Hashmi's results unknowingly support Mincer and Ofek's hypothesis. For
example, Borjas and Hashmi find that refugees invest heavily in u.s.
schooling.
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Supplemental Earnings Equation

To determine the impact of u.s schooling on the growth

of earnings of the female immigrants in the sample, I

applied the Mincer human capital earnings function to those

in the sample who are age 20-64, who are not in school, in

the military and who reported earnings from salary and self-

employment in 1986. The results are displayed in Table 7.7.

The results in Table 7.7 suggest that the returns to

schooling in the U.S. is greater than the returns to

schooling in Korea or Philippines. Further tests on the

coefficients of YSAM and YSPM support the above hypothesis.

This finding suggests that U.S. schooling is relatively

useful to Korean and Filipino women. 2 1

other results are consistent with the previous

literature on the earnings of immigrant women. The result

which suggests that the returns to experience gained in the

U.S. is greater than the returns to experience gained in

Korea or Philippines is consistent with Chiswick's

transferability of skills hypothesis since the hypothesis

predicts that training gained in Korea or Philippines is not

directly transferable to the U.S.

I also find that, holding other variables constant, the

Korean women in the sample do not earn significantly more

than Filipino women.

~IIt would be interesting to find out if this result also holds for
other female Asian immigrants.



222

7.6 Investments in u.s. Schooling of Male Korean and

Filipino Immigrants

7.6.1 specification

I use the following specification to study the

determinants of post-migration schooling of male Korean and

Filipino immigrants:

YSAM = {3o + {31YSPM + {32YSPMSQ + {33AGE + {34AGESQ + {35MS

+ {36YSM + {37YSMSQ + {3gNOWORKVF + {39STUDENTF +

{3 lOMETRO + {3l1S0UTH + {3I2SCHCOST + u

where YSAM is years of schooling in the U.S.; YSPM is years

of schooling prior to migration; YSMPSQ is square of YSPM;

AGE is immigrant's age; AGESQ is square of AGE; MS=l if

married, 0 otherwise; YSM is years since migration; YSMSQ is

square of YSM; NOWORKVF=l if first entered the U.S. on a

"not authorized for employment" nonimmigrant visa (other

than a student visa), 0 otherwise; STUDENTF=l if first

entered U.S. on a student visa, a otherwise; and the omitted

dummy variable for type of entry visa is WORKVF where

WORKVF=l if first entered the U.S. on an "authorized for

employment" nonimmigrant visa, 0 otherwise;22 METRO=l if

respondent lives in a large metropolitan area, 0

nSe e footnote above for list of "authorized for employment" and
"not authorized for employment" nonimmigrant visas.
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otherwise;23 SOUTH=l if respondent lives in one of the 17

Southern States, including the District of Columbia, 0

otherwise; SCHCOST is the average tuition and fees for in-

state students in pUblic universities in each state in

1985 ;24 For the pooled sample of Korean and Filipino

status adjusters, I add a dummy variable KOR for ethnicity

where: KOR=l if respondent is Korean, 0 otherwise.

The above specification is similar to the

specifications used by Borjas (1982) and Hashmi (1987). The

dummy entry visa variables are included because of Hashmi's

findings that suggest that types of entry visas have a

significant impact on the subsequent levels of investment in

u.S. schooling by immigrants.

Consistent with previous empirical and theoretical

results, I posit that:

and

I shall use OLS and the Tobit model to estimate the

coefficients of the above schooling equation. The Tobit

model is especially appropriate for the dependent variable

which takes on a value of zero for many observations.

~Large metropolitan area follows Bureau of Census definition of a
Standard Consolidated Statistical Area (SCSA). Many of these
metropolitan areas include places in the U.S. where there are large
concentration of immigrants, e.g., Los Angeles-Long Beach-Anaheim, New
York-Newark-New Jersey, and Miami-Fort Lauderdale.

~Source (for average tuition and fees): Digest of Education
Statistics, 1985.
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7.6.2 Empirical Estimates

Mean Values

The mean values of the variables used in the study as

well as the mean values of some of the socio-economic

characteristics of the sample of adult male Korean and

Filipino immigrants from the SAS data set are given in

Table 7.8.

It is seen that male Korean immigrants, on average,

invest more in u.s. schooling, have more years of pre

immigration schooling, and are more likely to enter the U.S.

on student visas than their Filipino counterparts.

Tobit and OLS Estimates

The OLS estimates of the schooling equation are

displayed in Table 7.9. The Tobit estimates of the schooling

equation are displayed in Table 7.10. (All of the Tobit and

OLS equations in Tables 7.9 and 7.10 passed the F-test or

the Chi-Square test at the 5 percent level. T-statistics are

enclosed in parenthesis below each coefficient. Significant

coefficients at the 5 percent level are indicated with

asterisk.)

The results in Table 7.9 are surprisingly consistent

with the results of Borjas (1982) and Hashmi (1987) for male

immigrants. The negative coefficient of the YSPM variable

in the equation for Koreans is consistent with Borjas'

(1982) conclusion that the opportunity cost of U.S.
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schooling is an important factor in immigrants' decision to

invest in u.s. schooling.

The negative coefficient for the SCHCOST variable is

consistent with Hashmi's (1987) result that amount of u.s.

schooling demanded by foreign-born men decreases as college

tuition and fees increases. The results for the YSM and

YSMSQ variables are also consistent with Hashmi's (1987)

results that investment in u.s. schooling by foreign-born

men increases as time spent in the U.S. increases.

The Tobit result that Koreans invest more in u.s.

schooling than Filipinos is again consistent with Mincer and

Ofek's (1982) hypothesis that immigrants invest in the

repair and restoration of their previously acquired human

capital and that those immigrants who come from countries

that are of greater "distance" economically and culturally

invest more because their skills require more "repair" and

restoration than those immigrants who come from economically

and cUlturally "nearer" countries.

The negative and significant coefficients of the AGE

variable in Table 7.10 supports the hypothesis that post

migration investment in schooling would fall with age. I

also find that for Filipinos, being married depresses

investment in u.s. schooling.

The results for the dummy entry visa variables support

the hypothesis that type of entry visa will have significant

impact on decision to invest in u.s. schooling. As



226

expected, I find that those who come as students invest

heavily in u.s. schooling. I also find that Koreans and

Filipinos who enter the u.s. on visas that are not

authorized for employment in the u.s. invest more in u.s.

schooling than those who enter the u.s. with visas that are

authorized for employment.

The negative coefficient of the METRO variable in the

Tobit equation for Filipinos suggests that Filipinos living

in large metropolitan areas invest less in u.s. schooling

than those who do not live in large metropolitan areas.

Perhaps, this result is related to differences in

opportunity cost of schooling between metropolitan areas and

non-metropolitan areas. And since the coefficient is

significantly negative, this suggests that Filipinos face a

higher opportunity cost of schooling in metropolitan areas

than in non-metropolitan areas.

Supplemental Earnings Eguation

To determine the impact of U.S schooling on the growth

of earnings of the male immigrants in the sample, I applied

the Mincer human capital earnings function to those in the

sample who are aged 18-65, who are not in school, in the

military and who reported earnings from salary and self

employment in 1986. The results are displayed in Table

7.11.

The equation in Table 7.11 shows that, consistent with

previous findings, there is not much difference between the
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returns to schooling from country of origin and the returns

to schooling obtained in the u.s. (see, for instance,

Chiswick 1978a).

The other results are also consistent with previous

empirical findings. The result that married immigrants earn

more than non-married immigrants is consistent with previous

empirical evidence. Also, the result that Koreans make more

than Filipinos is also consistent with the findings of other

studies dealing with the earnings of Koreans and Filipinos.

I also get the result that the returns to experience

gained in the u.s. is greater than the returns to experience

gained in Korea or Philippines. This is consistent with

Chiswick's transferability of skills hypothesis since

hypothesis predicts that training gained in Korea or

Philippines is not directly transferable to the u.s.

7.7 Summary and Conclusions

This study has examined the patterns of investment in

u.s. schooling of Korean and Filipino immigrants in the u.s.

OLS and Tobit estimations were used in the stUdy to test

hypotheses related to the determinants and differentials in

post-migration schooling and language training investments

of Korean and Filipino immigrants. The results of the

analyses suggest that investments in u.s. schooling is an

important component of the process by which Korean and

Filipino immigrants readapt their skills in the u.s. labor
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market. The findings of the study are also consistent with

Mincer and Ofek's (1982) conclusion that efficient

readaptation of previously acquired human capital stock is

an important part of the immigrant success story.
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Table 7.1
Korean and Filipino Nonimmigrants Admitted to the u.s.

Year Nonimmigrants Immigrants Total Percent
Nonimmigrants

Filipinos
1966 22,083 6,093 28,896 78.9
1969 41,298 20,744 62,042 66.6
1972 61,614 29,376 90,990 67.7
1975 65,171 31,751 96,922 67.2
1977 82,022 39,111 121,113 67.7
1979 83,054 41,300 124,354 66.8
1982 114,318 45,102 159,420 71.7
1983 107,107 41,546 148,653 72 .1
1984 120,210 42,768 162,978 73.7
1985 121,928 47,978 169,906 71.8
1986 122,976 52,558 175,534 70.1
1987 130,676 50,060 180,736 72.3
1988 152,157 50,697 202,854 75.0
1989 153,000 57,034 210,034 72.8

Koreans
1966 5,076 2,492 7,568 67.1
1969 12,478 6,045 18,523 61.1
1972 23,473 18,876 42,349 55.4
1975 30,554 28,362 58,916 51.9
1977 44,951 30,917 75,868 59.2
1979 42,981 29,248 72,229 59.5
1982 101,624 31,724 133,348 76.2
1983 96,293 33,339 129,632 74.3
1984 102,363 33,042 135,405 75.6
1985 115,361 35,253 150,614 76.6
1986 121,590 35,776 157,366 77.3
1987 133,618 35,849 169,467 78.8
1988 151,034 34,703 185,737 81. 3
1989 215,369 34,222 249,591 86.3

Source: Statistical Yearbook of the Immigration
and Naturalization Service
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Table 7.2
Korean and Filipino Nonimmigrants Admitted

by Visa Status

3.0

1989

1.3
14.6
53.2
19.1

1.1
1.4
4.7
0.7
0.9

4.1

1986

1.6
15.4
55.0
14.6

1.6
2.0
3.2
0.7
1.8

4.9

1983

2.0
14.8
56.8
12.8
0.8
2.1
3.7
0.7
1.4

1970 1975 1979
Fi1ipi;o-Noni~ran~

1.5 1.4 0.8
8.2 7.6 8.5

62.2 31.2 40.3
7.1 12.9 7.9
0.2 0.5 0.4
2.3 1.1 0.7
1.7 5.4 2.9
4.0 1.5 0.4
0.0 0.7 0.9

11.1 35.4 35.6
1.7 2.3 1.7

Visa status

Foreign Gov't Officials
Temp. Visitors for Business
Temp. Visitors for Pleasure
Transit Aliens
Treaty Traders & Investors
Students
Temporary Workers & Trainees
Exchange Aliens
Fiancees of u.s. Citizens
Returning Resident Aliens
Other

Total Nonimmigrants (%) 100.0 100.0 100.0 100.0 100.0 100.0

4.9

1.3
24.7
45.4
10.6

2.6
8.1
1.2
1.0
0.2

6.9

1.3
26.3
32.9
16.5

3.3
10.3
0.7
1.3
0.5

8.4

1.8
26.3
33.7
14.5
3.8
9.1
0.5
1.3
0.6

0.8
23.1
20.7
11.1
4.1
1.7
0.8
0.7
0.7

32.9
3.4

Korean Nonimmigrants
7.0 3.5

14.4 19.0
34.0 20.5
8.9 14.7
2.2 3.5
8.7 3.2
5.4 2.0
3.8 1.7
0.0 2.0
9.9 26.4
5.7 3.5

Foreign Gov't Officials
Temp. Visitors for Business
Temp. Visitors for Pleasure
Transit Aliens
Treaty Traders & Investors
Students
Temporary Workers & Trainees
Exchange Aliens
Fiancees of u.s. Citizens
Returning Resident Aliens
Other

Total Nonimmigrants (%) 100.0 100.0 100.0 100.0 100.0 100.0

Note: Column spaces that have the mark (-) indicate that information
relating to that visa status is not given in that year.

Source: Statistical Yearbook of the Immigration and
Naturalization Service
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Table 7.3
Korean and Filipino Nonimmigrants Who Adjusted
to Permanent Status in the Years Given Below

2.1
7.7
1.1

10.1
33.7

1989

4.4
40.9

1986

5.7
50.2
0.3
3.1

10.6
1.0

21.9
7.8

1983

3.2
38.9

0.7
2.1

11.3
4.5

15.2
24.113.311.57.6

1970 1975 1979
Filipino Status Adjusters

for Business 2.4 2.3 3.0
for Pleasure 70.8 57.1 54.2
& Investors 0.3 0.3 0.6

7.3 5.6 2.7
0.6 12.7 20.1

11.1 10.5 6.2

Visa Status at Entry

Temp. Visitors
Temp. Visitors
Treaty Traders
Students
Temporary Workers & Trainees
Exchange Aliens
Fiancees of u.S. Citizens
Other

100.0 100.0 100.0
8,913 11,050 16,537

Total Adjusters (%)

Percent of Total Immigrants
that are Status Adjusters

100.0
3,971

12.7

100.0
4,416

13.9

100.0
4,944

12.0 21.4 21.0 29.0

Adjusters
9.4 10.6

28.3 39.7
8.8 11.5

25.8 16.7
5.1 2.0
2.4 0.7

Korean
Temp. Visitors for Business
Temp. Visitors for Pleasure
Treaty Traders & Investors
Students
Temporary Workers & Trainees
Exchange Aliens
Fiancees of u.S. Citizens
Other

Status
4.5

29.5
2.3

43.6
1.5
4.0

14.5 20.2 18.9

6.3
34.1
11.8
10.0

2.3
0.3

13.3
21.9

5.8
40.7
10.5
20.0
4.3
0.5

12.4
5.8

6.0
30.7

19.4
5.2
0.5
7.1

31.1

Total Adjusters (%)

Percent of Total Immigrants
that are Status Adjusters

100.0
2,078

22.3

100.0
1,539

5.4

100.0
1,965

6.7

100.0
4,320

13.0

100.0
5,031

14.1

100.0
5,974

17.5

Note: Column spaces that have the mark (-) indicate that information
relating to that visa status is not given in that year.

Source: Statistical Yearbook of the Immigration and
Naturalization Service
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Table 7.4
Mean Values

Koreans Filipinos Pooled

232

Years of Schooling in the U.S.
Years of Schooling Prior

to Migration
Years of Total Schooling
% Living in Southern States
% Living in Large Metropolitan Area
Age
Age at Migration
% Married
Years Since Migration
Number of Living Children
% With "Authorized for Employment"

Visa When First Entered the U.S.
% With Student Visa When

First Entered the U.S.
% W/ "Not Authorized for Employment"

Visa When First Entered the U.S.
% Not Working in Philippines and/or

Korea When Left for the U.S.
% Working in Professional, Technical

& Managerial Jobs in Philippines
and/or Korea When Left for the U.S.

% Working in White Collar
Jobs when Left for the U.s.

% Working in Blue Collar
Jobs When Left for the U.s.

% Working in Menial Jobs
When Left for the U.S.

% Who Had Undergone English
Language Training in the U.s.

% Who are Korean
n

0.68
12.34

13.02
52
23

36.39
33.12

83
3.27
1.45

43

21

36

49

21

18

5

7

44

302

0.23
12.64

12.87
64
28

33.01
29.48

93
3.53
1.26

63

3

34

22

38

22

3

14

9

1183

0.32
12.58

12.90
61
27

33.70
30.22

91
3.48
1.29

59

7

35

28

35

21

4

12

16

20
1485



Table 7.5
OLS Estimates: Investment in Schooling in the U.S.

Dependent Variable: YSAM (Years of Schooling in the U.S.)
Variables Koreans Filipinos Pooled

233

YSPM (Years of Schooling -0.20524* -0.26473* -0.22982*
Prior to Migration) (-2.53) (-5.38) (-5.63)

YSPMSQ (Square of YSPM) 0.00627 0.00861* 0.00735*
(1. 64) (3.81) (3.89)

AGE -0.11812* -0.05368* -0.06352*
(-2.29) (-2.85) (-3.42)

AGESQ (Square of Age) 0.00069 0.00045* 0.00042*
(1. 09) (1.93) (1. 85)

SCHCOST (Average College Tui- -0.00135 -0.00082* -0.00059*
tion & Fees per State in 1985) (-1.46) (-2.60) (-1.91)

MS (1 if married, o if not) -0.98438* -0.41406* -0.61434*
(-3.95) (-3.49) (-5.68)

YSM (Years Since Migration) 0.25841* 0.07469* 0.11062*
(4.98) (4.72) (6.98)

YSMSQ (Square of YSM) -0.00617* -0.00109 -0.00204*
(-2.20) (-1. 64) (-3.00)

SOUTH (1 if living in a -0.20838 -0.01239 -0.05583
Southern State, o if not) (-1. 32) (-0.21) (-0.96)

METRO (1 if living in a large 0.16415 0.01744 0.01747
Metropolitan Area, 0 if not) (0.82) (0.27) (0.27)
LIVCHIL (Number of Living -0.06619 -0.03457* -0.02877

Children) (-0.92) (-1.66) (-1.35)

STUDENTF (First Entered U.S. 1.18374* 1. 52785* 1.55504*
on a Student Visa) (4.64) (8.84) (12.34)

NOWORKVF (First Entered U.S. 0.37306* 0.19574* 0.20535*
on a Non-Working Visa) ( 1. 66) (2.87) (2.95)

KOR (1 if Korean, o if not) 0.17662*
(2.34)

CONSTANT 5.28610* 3.35730* 3.62055*
Rz 0.4386 0.2173 0.2880
F 17.31 24.96 42.48
n 302 1183 1485
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Table 7.6
TOBIT Estimates: Investment in Schooling in the u.S.

Dependent Variable: YSAM (Years of Schooling in the U.S.)
Variables Koreans Filipinqs Pooled

YSPM (Years of Schooling
Prior to Migration)

YSPMSQ (Square of YSPM)

AGE

AGESQ (Square of Age)

SCHCOST (Average College Tui
tion & Fees per State in 1985)

MS (Marital Status)

YSM (Years Since Migration)

YSMSQ (Square of YSM)

SOUTH (Lives in a Southern
State)

METRO (Lives in a Large
Metropolitan Area)

LIVCHIL (Number of Living
Children)

STUDENTF (First Entered U.S.
on a Student Visa)

NOWORKVF (First Entered U.S.
on a Non-Working Visa)

KOR (Whether Korean or not)

CONSTANT
-2 LOG-LIKELIHOOD
n

-0.24706*
(-2.16)
0.01131*
(2.30)

-0.12082
(-lo58)
0.00057
(0.55)

-0.00015*
(-1.74)

-0.66557*
(-2.27)
0.34753*
(4.79)

-0.00116*
(-3.25)
-0.18410

(-0.95)
0.08506

(0.37)

-0.26768*
(-2.16)

1.00090*
(3.69)

0.43532*
(1.66)

3.13310*
428.34
302

-0.15335*
(-1.77)
0.00416
(1. 03)

-0.06387
(-1.51)
0.00037
(0.67)

-0.00012*
(-2.32)

-0.43609*
(-2.21)
0.11706*
(4.21)

-0.00227*
(-2.22)
-0.07002

(-0.61)
0.06447

(0.53)

-0.03473
(-0.78)

1. 49750*
(7.12)

0.37237*
(2.82)

1.21820*
977.28
1183

-0.17742*
(-2.82)
0.00603*
(2.08)

-0.06918*
(-1.87)
0.00024
(0.50)

-0.00105*
(-2.42)

-0.52973*
(-3.32)
0.14319*
(5.85)

-0.00275*
(-2.94)
-0.10195

(-1.05)
0.03638

(0.34)

-0.04053
(-0.96)

1.38460*
(9.24)

0.36313*
(3.09)

0.36257*
(3.01)
1.55970*
1429.86

1485
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Table 7.7
OLS Estimates: Earnings Equation for Female Immigrants

Dependent Variable: Ln Y (Natural Logarithm of Earnings in 1986)
Variables Coefficient T-value

YSPM (Years of Schooling Prior to Migration)
YSAM (Years of Schooling in the U.S.)

METRO (Living in a Large Metropolitan Area)
SOUTH (Living in a Southern State)

FULLEMP (Whether Employed Full-time
or Part-time)

EXPA (Labor Market Experience in the U.S.)
EXPASQR (Square of EXPA)
EXPB (Labor Market Experience in Korea or

Philippines)
EXPBSQR (Square of EXPB)
EXPA * EXPB
LIVCHIL (Number of Living Children)
MS (1 if married, 0 if not)

KOR (1 if Korean, 0 if not)

CONSTANT
R2

F
n

0.07549* (7.65)
0.10741* (5.94)

0.18818* (3.82)
0.17764* (3.66)

0.86349* (14.88)

0.08169* (5.24)
-0.00189* (-2.86)

0.00182 (0.21)

-0.00018 (-0.89)
-0.00028 (-0.32)

0.00949 (0.49)
-0.10069 (-l.15)

0.02178 (0.31)

7.18625*
0.4748

53.05
777

Notes: II tested the null hypothesis that the coefficient of YSAM is
equal to the coefficient of YSPM relative to the hypothesis that the
coefficient of YSAM is greater than that of YSPM. The t-value of
1.748, which is significant at the 5 percent level, leads me to
reject the null hypothesis and accept the alternative hypothesis that
the "returns to schooling in the U.S. is greater than the returns to
schooling in Korea or Philippines".

2The asterisks indicate that coefficient is significant at the 5
percent level. The equation passed the F-test at the 5 percent level.

3The theoretical and empirical basis of the above specification
is discussed in Long (1980).
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Table 7.8
Mean Values

Koreans Filipinos Pooled

236

Years of Schooling in the u.s.
Years of Schooling Prior

to Migration
Years of Total Schooling
% Living in Southern States
% Living in Large Metropolitan Area
Age
Age at Migration
% Married
Years Since Migration
% With "Authorized for Employment"

Visa When First Entered the u.s.
% With student Visa When

First Entered the u.s.
% W/ "Not Authorized for Employment"

Visa When First Entered the u.s.
% Not Working in Philippines and/or

Korea When Left for the u.S.
% Working in Professional, Technical

& Managerial Jobs in Philippines
and/or Korea When Left for the u.s.

% Working in White Collar
Jobs when Left for the u.S.

% Working in Blue Collar
Jobs When Left for the u.S.

% working in Menial Jobs
When Left for the u.S.

% Who Had Undergone English
Language Training in the U.S.

% Who are Korean
n

1. 20
14.87

16.08
51
30

38.16
32.99

87
5.17

31

39

30

26

34

16

22

2

47

208

0.46
13.65

14.11
59
38

37.49
32.73

93
4.77

50

6

44

13

44

23

16

4

8

324

0.75
14.13

14.88
56
35

37.75
32.83

91
4.92

42

19

39

18

40

20

18

3

23

39
532



Table 7.9
OLS Estimates: Investment in Schooling in the U.S.

Dependent Variable: YSAM (Years of Schooling in the U.S.)
Variables Koreans Filipinos

237

Pooled

YSPM (Years of Schooling
Prior to Migration)

YSPMSQ (Square of YSPM)

AGE

AGESQ (Square of Age)

SCHCOST (Average College Tui
tion & Fees per State in 1985)

MS (1 if married, 0 if not)

YSM (Years Since Migration)

YSMSQ (Square of YSM)

SOUTH (1 if living in a
Southern State, 0 if not)

METRO (1 if living in a Large
Metropolitan Area, 0 if not)

STUDENTF (First Entered U.S.
on a Student Visa)

NOWORKVF (First Entered U.S.
on a Non-Working Visa)

KOR (1 if Korean, 0 if not)

CONSTANT
R2

F
n

-1.03709*
(-5.03)
0.03814*
(4.86)

-0.25271*
(-3.28)
0.00243*
(2.69)

-0.00101
(-1.40)

-0.04458
(-0.14)
0.18899*
(3.59)

-0.00449*
(-2.33)
-0.24990
(-1.24)
0.00596
(0.03)
1. 91332*
(7.09)
0.42313*
(1. 74)

12.16499*
0.5033

16.47
208

0.07363
(1. 75)

-0.01243
(-1.88)
-0.07151
(-1. 44)
0.00056
(0.96)

-0.00048
(-0.72)

-0.81843*
(-2.77)
0.15984*
(4.81)

-0.00415*
(-3.40)
-0.11087
(-0.72)
-0.20399
(-1.32)
1. 69629*
(4.25)
0.13665
(0.87)

1.11400
0.2108

6.92
324

-0.45666*
(-2.12)
0.00939*
(1. 93)

-0.13090*
(-3.06)
0.00118*
(1. 34)

-0.00071
(-1.446

-0.39006
(-1.84)
0.15863*
(5.63)

-0.00391*
(-3.77)
-0.18667
(-1.49)
-0.09866
(-0.77)
2.00335*
(9.78)
0.26658*
(1. 99)
0.11349
(0.82)
4.89336*

0.3469
21.17

532
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Table 7.10
TOBIT Estimates: Investment in Schooling in the U.S.

Dependent Variable: YSAM (Years of Schooling in the U.S.)
Variables Koreans Filipinos Pooled

YSPM (Years of Schooling
Prior to Migration)
YSPMSQ (Square of YSPM)

AGE

AGESQ (Square of Age)

SCHCOST (Average college Tui
tion & Fees per State in 1985)
MS (1 if married, 0 if not)

YSM (Years Since Migration)

YSMSQ (Square of YSM)

SOUTH (1 if living in a
Southern State, 0 if not)

METRO (1 if living in a large
Metropolitan Area, 0 if not)

STUDENTF (First Entered U.S.
on a Student Visa)

NOWORKVF (First Entered U.S.
on a Non-Working Visa)

KOR (1 if Korean, 0 if not)

CONSTANT
-2 LOG-LIKELIHOOD
n

-0.63423*
(-3.51)

0.02670*
(3.90)

-0.25888*
(-3.30)
0.00230*
(2.42)

-0.00074
(-1.13)
0.15789
(0.53)
0.18837*
(3.40)

-0.00448*
(-2.36)
-0.22965
(-1.23)
0.09554
(0.47)
1. 57910*
(6.05)
0.60218*
(2.34)

7.59970*
474.08
208

0.11020
(1. 03)
-0.01533
(-1.85)
-0.10524
(-1.45)
0.00058
(0.64)

-0.00057
(-0.74)
-0.77640*
(-2.65)
0.23056*
(4.73)

-0.00485*
(-3.08)
-0.04917
(-0.24)
-0.44411*
(-2.04)
1. 09510*
(3.00)
0.23785
(1.12 )

-1. 20360
378.85

324

-0.29517
(-0.82)

0.00599
(1.31)

-0.15277*
(-3.01)
0.00117*
(1.87)

-0.00047
(-0.99)
-0.29864
(-1.49)
0.20066*
(5.63)

-0.00457*
(-3.64)
-0.11481
(-0.86)
-0.13392
(-0.96)
1.35480*
(7.08 )
0.43632*
(2.80)
0.31780*
(2.10)
2.13680*

905.07
532
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Table 7.11
OLS Estimates: Earnings Equation for Male Immigrants

Dependent Variable: Ln Y (Natural Logarithm of Earnings in 1986)
Variables Coefficient T-value

YSPM (Years of Schooling Prior to Migration)
YSAM (Years of Schooling in the U.S.)
METRO (Living in a Large Metropolitan Area)
SOUTH (Living in a Southern State)
FULLEMP (Whether Employed Full-time

or Part-time)
EXPA (Labor Market Experience in the U.S.)
EXPASQR (Square of EXPA)
EXPB (Labor Market Experience in Korea or

Phil ippines)
EXPBSQR (Square of EXPB)
EXPA * EXPB
MS (1 if married, 0 if not)
KOR (1 if Korean, 0 if not)
CONSTANT
R2

F
n

0.05694*
0.04937*
0.06420
0.08338
0.72892*

0.09043*
-0.00233*

0.01764

-0.00071*
-0.00047

0.26741*
0.21636*
7.32238*

0.3786
21.99

446

(4.62)
(2.56)
(0.96)
(1.30)
(7.98 )

(4.47)
(-3.63)
(1.58)

(-2.88)
(-0.51)
(3.19)
(3.23)

Notes: IThe asterisks indicate that coefficient is significant at the 5
percent level. The equation passed the F-test at the 5 percent level.

2Joint t-test indicate that the coefficients of YSPM and YSAM are
not significantly different.

3The theoretical and empirical basis of the above specification
is discussed in Fujii and Mak (1983a).



variables

YSAM
YSPM
YSPMSQ

AGE
AGESQ

MS

YSM
YSMSQ

NOWORKVF

STUDENTF
WORKVF (ref.

category)

METRO
SOUTH

SCHCOST

LIVCHIL

KOR

FULLEMP
EXPA
EXPASQR
EXPB
EXPBSQR
AMIG

NOOCCUPB

MENIALB

BLUECOLB

WHITCOLB

PROFB (ref.
category)
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Table 7.12
Definitions of Variables

Definitions

Years of schooling in the U.S.
Years of schooling prior to migration
Square of YSPM

Age in years
Square of AGE

=1 if married, 0 otherwise

Years since migration
Square of YSM

=1 if first entered U.S. on a "not authorized for
employment" nonimmigrant visa (other than a student
visa), 0 otherwise

=1 if first entered U.S. on a student visa, 0 otherwise
=1 if first entered U.S. on an "authorized for

employment" nonimmigrant visa, 0 otherwise

=1 if living in a large metropolitan area, 0 otherwise
=1 if living in the 17 Southern States,

including the District of Columbia, 0 otherwise
Average tuition and fees for in-state stu-

dents in public universities in each state in 1985
Number of living children

=1 if Korean, 0 otherwise

=1 if employed full-time, 0 if employed part-time
Years of labor market experience in the U.S.
Square of EXPA
Years of labor market experience in Korea or Philippines
Square of EXPB
Age at migration

=1 if immigrant was not working in Korea/Philippines
when left for the U.S., 0 otherwise

=1 if immigrant was working in a menial job Korea/
Philippines when left for the U.S., 0 otherwise

=1 if immigrant was working in a blue collar job in
Korea/Philippines when left for the U.S., 0 otherwise

=1 if immigrant was working in white collar job in
Korea/Philippines when left for the U.S., 0 otherwise

=1 if immigrant was employed in a professional,
technical or managerial job in Korea/Philippines when
left for the U.S., 0 otherwise.
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CHAPTER 8

THE EFFECT OF ASSIMILATION ON EARNINGS:

SOME NEW EVIDENCE FOR WOMEN

8.1 Introduction

Between 1979 and 1989, more than 3 million female

immigrants entered the U.S. The Immigration and

Naturalization Service reported that female immigrants

comprised 49.6 percent of the immigrant cohort in 1989.

Indeed, female immigrants constitute a large proportion of

the immigrant population in the U.S. Female immigrants have

also contributed significantly to the growth of the labor

force in the U.S. Yet, despite a rise in pUblic interest in

discrimination issues and in immigration policy, the

earnings of female immigrants have not been the sUbject of

much systematic research.

This study examines the differences in earnings of

native born and foreign-born female residents of Hawaii. The

earnings models that are specified are used to test

hypotheses pertaining to the effects of assimilation on

earnings and the effects of decreasing housework and child

care responsibilities on the earnings of women.

Hawaii is chosen as the setting for this study because

Hawaii's well-defined single labor market and multiethnic

population of natives and immigrants provides an excellent
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setting for comparing the earnings profiles of natives and

immigrants.

8.2 Literature Review

There have been very few studies focusing on the

earnings attainment of female immigrants. The reason for the

lack of interest in studying the earnings profiles of female

immigrants is largely due to the absence of detailed

information on the work histories of women which makes it

difficult to estimate the labor market experience of women.

This problem is not serious for men because empirical

studies have found that calculating experience as age 

education - 5 or age -education - 6 is a good proxy for

actual experience. The use of "potential" experience,

however, has been found in many studies to be a poor proxy

for the actual labor market experience of women (Long 1980).

Despite these problems, some studies have ventured to

examine the wage experience profiles of women despite the

absence of information on actual work experience. Long

(1980) used the potential experience variable in conjunction

with other independent variables such as presence of pre

school children, which help to predict actual experience, to

present some estimates of the earnings of foreign-born women

relative to the earnings of native-born women. Field

Hendrey and Balkan (1991) examine earnings differentials

between female immigrants and native-born women by using an



243

experience proxy variable constructed through the use of a

model developed by Garvey and Reimers (1980).

Long (1980) and Field-Hendrey and Balkan (1991)

obtained contradictory findings relating to the assimilation

experience of female immigrants. Using 1970 Census data,

Long finds that newly-arrived immigrant women earned more

than native women but that this advantage declined over

time. On the other hand, Field-Hendrey and Balkan (1991),

using 1970 and 1980 Census data, produced results that were

similar to Chiswick's (1978a) results for immigrant men.

Field-Hendrey and Balkan find that immigrant women earned

less on arrival, but that their earnings caught up with the

earnings of comparable natives within about ten years after

arrival in the U.s. However, these conclusions by Long

(1980) and Field-Balkan (1991) are open to question since

they are the results of models that are structurally similar

to the "model"--that chiswick (1978a) used--which I had

shown in chapter 3 to be inadequate for analyzing the

earnings profiles of the foreign-born.

8.3 Description of the Data

The data for this study comes from the 1980 Public Use

Microdata Samples for Hawaii (PUMS).1 The population under

study were restricted to females who belong to the following

IThe PUMS A (5% random sample) and PUMS B (1% random sample) were
combined to produce more cases for the study. Duplicates were identified
and excluded from the analyses.
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ethnic groups: Whites, Japanese, Chinese, Filipinos and

Koreans, and who were aged 20-64, who worked at least one

week in 1979, who were not in school, in the military or

retired and who reported earnings in 1979 from wages, salary

and self-employment. The native-born are defined as those

born in the state of Hawaii. The foreign-born are defined

as those born in a foreign country and not of American

parents. Persons born in an outlying area of the u.s.

(Guam, American Samoa, etc.) or born abroad of American

parents are excluded from the analyses.

8.4 Earnings and Other Socio-Economic Characteristics

Table 8.1 and Table 8.2 present the means of basic

socio-economic characteristics of the females in the study.2

Table 8.1 shows that the mean annual earnings of

native-born Asian females in 1979 was $10,447 compared to

$7,856 for foreign-born Asian females. On the other hand,

Table 8.2 shows that the average earnings of foreign-born

Whites is higher than the average earnings of native-born

Whites.

It is interesting to note that among native-born Asian

females in Hawaii only 91% speak English fluently. Also,

2The female workers in the sample were divided into four
occupational groupings namely: (a) menial, (b) blue collar [includes
craftsmen and operatives], (c) white collar [sales and clerical], and
(d) professional, technical and managerial. The groupings are based on
Schmidt and Strauss (1975) groupings of major two-digit Census
occupational categories.
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that among foreign-born Asian women only 41% speak English

fluently and that many of them (43%) are employed in menial

jobs.

8.5 The Earnings Equation for Women

The Mincer human capital earnings function has been

used extensively to analyze the earnings of male workers in

the united states. This function has the form:

(8-1)

where In Y is log of annual earnings (wages, salary and

self-employment income), S is years of schooling, T is labor

market experience, measured as age - schooling - 5 or age 

schooling - 6, In WW is log of weeks worked and X is a

vector of control variables that include dummies for marital

status, ethnicity, health and place of residence. However,

Mincer and Polachek (1974) showed that the specification in

(8-1) is not appropriate for women because their work

experience is likely to be discontinuous over the life

cycle. Mincer and Polachek argued that the proper

specification should break up post school period into work

experience segments and home-time segments. Their

specification for the earnings function of women is as

follows:

In w f(S,e,h,x) + u



246

where w is the hourly wage rate; S is years of schooling; e

is a vector of work-experience segments; h is a vector of

home-time segments and x is a vector of other variables ,

such as indexes of job training, mobility, health, number of

children, and current weeks and hours of work; u is the

statistical residual. 3

Mincer and Polachek's specification, however, is

difficult to apply empirically because detailed information

on the work histories of women is rarely available in most

surveys which makes it close to impossible to construct the

vector of work-experience segments and home-experience

segments. To deal with this problem, Long (1980)

synthesized the works of Oaxaca (1973), Gramm (1975) and

smith (1976) and came up with an earnings specification for

women based on the human capital earnings function with

provisions to control for the absence of work-history data.

Long's specification is as follows:

(8-2)

3Mincer and Polachek also modeled an annual earnings equation from
their specification and compared the explanatory power of the hourly
wage equation with the annual earnings equation when hours worked was
included in the specification. They found that the inclusion of hours
worked in the earnings function raised the coefficient of determination
from 28 percent in the hourly wage equation to 78 percent in the annual
earnings equation of married women, and from 41 percent to 66 percent
for single women.
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where In Y is natural logarithm of earnings; ED is years of

schooling completed; EXP is potential labor market

experience; EXPSQ is the square of EXP; MS=l if married with

spouse present, 0 otherwise; RURALEQI and SOUTHEQI are

dummies for rural residence and southern location; LNWEEKS

is the natural logarithm of weeks worked; KIDS is number of

children ever born; CU6 is number of children under 6 living

in the household; C6-18 is number of children between 6 and

18 living in the household; OLF1965=1 if individual was out

of labor force in 1965, 0 otherwise; and NOVOCTR indicates

whether vocational training has been received. 4 [Table 8.3

gives a summary of all the variables used in the study].

Earnings Equation for Native-born Women

I extended Long's specification in (8-2) by including a

variable that gives a measure of hours worked. Inclusion of

this variable in the earnings function is not really new

since Mincer and Polachek (1974) experimented with the use

of such a variable in the earnings function for women. 5

Mincer and Polachek observed that the hours of work variable

4Th e variables KIDS, CU6, C6-18 are used to control for earnings
power losses that may result from inability to accumulate human capital
or to participate continuously in the labor force because of child care.
The variables reflecting the interaction between marital status and
potential work experience are included to capture the hypothesized wage
experience profiles for females. OLF1965 and NOVOCTR are included to
account for the expectation that women who were not working in 1965 or
who have no vocational training will have accumulated less human capital
and hence will have lower earnings compared to other females (Long
1980).

5Amo ng others, Tienda and Wilson (1991) and Woodbury and Bettinger
(1991) have used a similar measure of hours of work as an explanatory
variable in the earnings specification for men.
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controls for the large dispersion in women's earnings that

is brought about by the large dispersion in women's hours of

work. Long (1980) also considered including this variable

in his specification but unfortunately his data did not have

the required hours of work information.

I also extended the Mincer earnings function by

including the hours of work variable in the basic

specification in (8-1). I used this specification

[designated as 8-3 below] to test the relevance of "Long's"

home-time and children variables [even when hours of work

are accounted for in the model].

Accordingly, the two specifications that I employed to

examine the determinants of earnings of native-born women in

Hawaii are

(8-3) In Y = {3o + {31ED + {32EXP + {33EXPSQ + {34D1S + {35N1

+ {36lnWEEKS + {37lnHOURS + (38MS + u

(8-4) In Y = {3o + {31 ED + {32EXP + {33EXPSQ + {34D1S + {35N1 +

+ {36lnWEEKS + {37lnHOURS + {38MS + {39MS*EXP + {3 lOMS*EXPSQ

+ {3l1K1DS + {312CU6 + {313C6-18 + {314NLF75 + u

where In Y is natural logarithm of earnings in 1979; InHOURS

is the natural logarithm of usual hours worked per week in

1979; InWEEKS is the log of weeks worked in 1979; EXP is

potential labor market experience (age - education - 6);

DIS=1 if person has a health condition which limits the
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amount or kind of work she can do, 0 otherwise;6 NLF75=1 if

individual was not working in 1975, 0 otherwise. [All other

variables in (8-3) and (8-4) are defined in the same way as

Long's specification in (8-2) .]7

consistent with theory and previous empirical evidence

I posit the following for the equation in (8-4):

f31O>0,

I also posit that f3g>O. Since (8-4) permits experience to

vary by marital status and also takes into account the

effect of hours work and children and home time variables, I

hypothesize that MS in (8-4) captures possible differences

in motivation due to differences in family responsibilities.

Prior work by Long (1980) produced negative but

insignificant coefficients for this variable but Long's

equations did not include a measure of hours work and Long

did not investigate the possibility that the "bias" in his

6The actual disability question asks whether person had a physical,
mental or other health condition which has lasted for 6 or more months
and which limits the kind or amount of work which person can do at a
job.

~nother factor that justifies the inclusion of "home-time and
children" variables in (8-4) is Becker's (1985) argument that housework
and child care have effects on earnings that are separate from the
effects of other productivity-related variables. For example, Becker
argues that the hourly earnings of single women exceed those of married
women even when both work the same number of hours and have the same
market capital because housework and child care induce married women to
seek more convenient and less energy-intensive jobs.
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equations may have altered the signs of some of the

coefficients.

Earnings Equation for Foreign-born Women

I also employed the following model to examine the

determinants of earnings of foreign-born women in Hawaii:

(8-5) In Y = X{3 + {3IED + {32EXP + {33EXPSQ + {315YSM

+ {316YSMSQ + u

where In Y is natural logarithm of earnings; EXP is

potential labor market experience; EXPSQ is the square of

EXP; YSM is years since migration; YSMSQ is years since

migration squared; and X is a vector of control variables

that influence women's earnings. 8

Consistent with theory and previous empirical evidence

I posit the following for the equation in (8-5):

The model in (8-5) was first used by Chiswick (1978a)

to examine the determinants of earnings of foreign-born men

in the u.s. However, Fujii and Mak (1983a) showed that

Chiswick's interpretation of the coefficients of the model

was incorrect and that the coefficients should be

interpreted as follows: {31 is the return to pre-migration

education, {32 and {33 are the returns to pre-migration

8Th i s model was also used by Long (1980) to examine the
determinants of earnings of foreign-born White women in the U.S.
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education and (315 and (316 measure the differential effect of

post-migration against pre-migration experience.

8.6 Potential Experience and Sample selectivity

My estimates of equation (8-3) and (8-4) are biased by

two factors: first, by the use of potential rather than

actual experience and second, by failing to correct for

selectivity bias since the sample of working women that is

used is a self-selected sample. Long (1980) also ignored

these problems in his study but Field-Balkan (1990)

attempted to make corrections for the bias by using a

different experience proxy variable and by using Heckman's

two step estimation procedure to correct for the selectivity

bias. In this study, I chose to follow Long's approach

rather than Field-Balkan's approach because the presence of

the "two biases" makes it very difficult to institute

corrective measures without further biasing the results.

Past empirical work has shown that corrective procedures for

these problems can also be inefficient and results could

depend heavily on the sUbjective assumptions used by the

researcher. I differ with Long, however, in that I attempt

to determine the consistency of the estimated equations by

comparing them with the results of previous studies and then

evaluating whether the changes are consistent with the

predictions of Becker's (1985) model pertaining to the

effects of child care and home-related activities on the
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earnings of women and their participation in the labor

force.

Becker (1985) developed a model that shows how the

allocation of energy (or effort) among different activities

is affected by the energy intensities of different

activities, and also how its allocation interacts with the

allocation of time and with investments in market and non

market human capital. According to Becker's model,

housework and child care reduces women's time in the labor

force and discourages them from investing in market human

capital. Hence, the implication is that if women's housework

responsibilities decrease then women will spend more time in

the labor force and their hourly earnings will rise.

Becker (1985) further observed that women's traditional

responsibilities relating to housework and child care

appears to be on the decline in all advanced societies.

Becker cited evidence from time-budget studies which

indicate that men's responsibilities relating to housework

in the u.s. have significantly increased in the last decade.

Hence, Becker predicted that a continuation of these trends

would increase the energy and time spent at market

activities by women, which would raise their earnings and

incentive to invest in market human capital.

What are the implications of Becker's model and

Becker's observations on the model in (8-4)? The

implication is that if the trend of decreasing housework
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responsibilities for women continue then the following

should be observed: (1) the estimates of {3!1f {312 and {313 in

(8-4) should be less negative and less significant since

women would be spending less time for child care and hence

their earnings should be influenced less by "children"

variables; (2) the relative significance of "children" and

"horne-time" variables in "hours of work" equations should

decline since "children" and "horne-related" activities will

have less influence on women's decision to work more (or

less) hours in the labor market; and (3) the joint

significance of the "additional horne-time and children"

variables in (8-4) should decrease since these variables

will lose much of their power to influence the earnings of

women. In addition, if the predictions of Becker's model

are correct then the following should also be observed in

(8-4): (1) the estimate and significance of {3? should rise

since women would spend more time in the labor force, spend

more energy on each hour of market work and invest more in

market human capital; (2) estimates of {39 should be less

negative and less significant since married women would

spend more energy and more time in the labor market relative

to single women; (3) estimates of {3g should be more positive

since it will start to capture the motivational differences

in family responsibilities between married women and single

women instead of the burden of housework and child care.
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The above implications of Becker's model and

observations should constitute additional hypotheses that

can be used to guide the analysis of the empirical results

of (8-4). These additional hypotheses are very important

because they imply that if Becker's observations of

decreasing housework responsibilities for women continue and

the predictions of his model are correct then the use of

potential experience and a sample of working women to

estimate (8-4) should generate less and less bias over time

because the "actual experience" of women would approach

"potential experience" and selectivity will be less because

a greater proportion of women will participate in the labor

force.

8.7 Estimates of Earnings Equations

Estimates of earnings equation are presented in Tables

8.4, 8.5 and 8.6. Tables 8.4 and 8.5 presents earnings

equation estimates of native and foreign-born Asian females

in Hawaii in 1979. Table 8.6 displays earnings estimates in

1979 for native and foreign-born White females in Hawaii. 9

The equations in columns (1) and (2) of Tables 8.4 and

8.5 are included for comparison purposes. The equations

were all estimated with OLB and a one tailed test at the 5%

level was applied. The F-tests in Tables 8.4 and 8.5 reject

9Th e equations are estimated separately for Whites and non-Whites
because empirical results have shown that these two groups adjust
differently in the u.s. labor market.
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the null hypothesis that "Long's" home time and children

variables are not relevant. One of the F-tests in Table 8.6,

however, does not reject this same hypothesis for caucasian

immigrants. 10

Most of the coefficients in the different equations

exhibit the correct signs except for the "children under

six" variable. To make sure that these results were not due

to multicollinearity, I tested the different equations for

muLt.Lco l l Lnear i t y ;!' The results of the tests showed that

mUlticollinearity was not a problem in all the equations.

However, to make sure that the CU6 results were not

spurious, I sub-divided the sample into women with children

under 6, women with no children and women with children 6

and above. The descriptive statistics for these groups

showed that the group with children under 6 had mean

earnings that is higher than the other two groups.

The low significance levels of the coefficients of the

DIS variable in the foreign-born equations in Table 8.5 may

partly be due to the relatively small number of immigrants

IOCho w tests indicate that the "native" and "foreign-born" equations
in Tables 8.4 and 8.5 are significantly different and that the
difference arise mainly from differences in the intercept and the ED,
EXP, EXPSQ, NI, lnWKS and lnHOURS variables. Chow tests also indicate
that the native and foreign-born "Caucasian" equations in Table 8.6 are
significantly different and that the variables lnWKS, KIDS and NLF75 are
the principal sources of the difference.

III used the SAS program (version 6) to test the different equations
for multicollinearity (see SAS Institute Inc., 1989). The approach used
in SAS for detecting multicollinearity follows that of Be1sley, Kuh and
Welsch (1980).
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who indicated having a "health disability".12 However, the

low number of disability cases could also be interpreted as

an indication of the "selectivity" of the foreign-born,

i.e., that only those who are healthy and fit are prone to

migrate to the U.s.

The low returns to the schooling and pre-migration

experience of the foreign-born in Table 8.5 are consistent

with Chiswick's hypothesis that knowledge and skills are not

perfectly transferable internationally. In addition, the

slightly higher returns to the pre-migration schooling and

experience of foreign-born Whites in Table 8.6 compared to

the foreign-born in Table 8.5 are also consistent with

Chiswick's hypothesis since caucasian immigrants in Hawaii

predominantly come from Canada and Great Britain where

training and schooling is probably most similar to

Hawaii's.13

The coefficients of the YSM variables in Table 8.5

indicate that the earnings of foreign-born females increase

with time in the Hawaiian labor market. This result is

consistent with Chiswick's hypothesis that the earnings of

immigrants increase rapidly as they begin to accumulate

U.S.-specific human capital. In comparison, columns 3 and 4

of Table 8.6 indicate that the earnings of foreign-born

12Table 8.1 reveals that only 30 out of the total foreign-born
sample of 1,431 have a "health disability".

13Fu j ii and Mak (1983b) also find that the effect of schooling on
income is greater for Caucasian men than among Asian men.
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Whites do not rise with time in the Hawaii labor market.

This latter result is perhaps best explained by Mincer and

Ofek's (1982) hypothesis that the initial rapid growth of

immigrants' wages are in part a reflection of their

investment in the repair and restoration of their pre

migration human capital. Consequently, since caucasian

immigrants in Hawaii possess skills that are highly

transferable in the Hawaii labor market then these

immigrants do not have to undertake any repair or

restoration of their pre-migration skills and thus, the

result that their earnings do not increase as rapidly as the

earnings of the foreign-born in Table 8.5 who need to

undertake considerable investments to repair their pre

migration skills.

Declining Importance of Controls for the Absence of

Work-History Data

Using 1970 Census data, Long (1980) obtained several

results in his "earnings equations" estimates that indicated

that housework and child care were important determinants of

labor force participation of the white women in his sample.

Among others, these results include: insignificant

coefficients for potential experience variables when no

controls for home time were included in the equations but

very significant coefficients for potential experience

variables when the controls were added; negative effect on

earnings for variables representing number of children
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under six, number of children between six and 18 and number

of children ever born; negative effect on earnings for women

who are married relative to those who are unmarried;

significant interaction between marital status and potential

experience variables; and "hours of work" equations that

showed that variables representing number of children

(especially those under six) and marital status had a

negative effect on hours worked. 14

On the other hand, many of the results in Tables 8.4,

8.5 and 8.6 are the exact opposite of Long's results.

of these results include: an F-statistic that does not

Some

reject the null hypothesis that the coefficients of "home

time and children" variables are all zero in the equation

for Caucasian immigrants; very significant coefficients for

potential experience variables even when controls for home

time were not included in the equations; insi9nificant

coefficients for many of the "children" variables;

insignificant "children" and marital status variables in

"hours of work" equa t.Lons r " positive effect on earnings

14Long'S (1980) results were supportive of Becker's (1985) arguments
that housework and child care do not only act to reduce the labor force
participation of women but also reduce the amount of effort that women
expend on each hour of work.

lSI estimated "hours worked" equations for the native-born and
foreign-born Asian females. The estimates are shown below:
Native-born:

n=4220
F=19.74
R2=.0318

Foreign-born:
n=1431
F=1.16
R2=.0073

1nHOURS = 3.53 -.00520ED +.0168 EXP -.00037EXPSQ +
(-1.94) (9.71) (-9.70)

.0110MS -.1954DIS -.0051CU6 -.0414C6-18
(0.80) (-4.70) (-0.47) (-6.76)

lnHOURS = 3.50 -.00005ED +.0041EXP -.00012EXPSQ +.0332MS +
(-0.01) (1.22) (-1.73) (1.23)

.0373DIS -.0018CU6 +.00595C6-18 +.0022YSM -.00006YSMSQ
(0.51) (-0.11) (0.69) (0.53) (-0.50)
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for the marital status variable in some equations where

controls for horne time were included; and insignificant

interaction between marital status and potential experience

variables .16

Although some of these results could be attributed to

the strong labor force attachment among women in Hawaii,17

many of them could be taken as an indication that women's

responsibilities relating to child care and housework are

decreasing. For example, the result that the variable

representing children under six has no significant negative

effect on hours worked could be interpreted as evidence that

women in Hawaii have found ways to care for their children

without necessarily withdrawing from the labor force. These

avenues could include, among others, entrusting the baby to

a baby-sitter while at work or getting their spouses to

increase their relative contribution to child care."

16Li k e Long(1980) , my equations yielded very significant
coefficients for the NLF75 variable. Long writes that while this result
is consistent with the hypothesis that labor force inactivity results in
less human capital accumulation and, hence, lower earnings, the
causation may be reversed, i.e., that women may not participate in the
labor force because of low expected returns from participation.

17Tables 8.1 and 8.2 indicate that women in Hawaii work, on average,
46 weeks per year.

IBI n chapter 11 of this dissertation I get the interesting result
that native-born women in Hawaii who have relatively more number of
children ever born are more likely to be in low-skill occupations but
women with relatively more number of children under six are more likely
to be in high-skill occupations. These findings are consistent with the
explanation that women in Hawaii in the late 70's were either delaying
marriage or postponing having children until they are relatively high up
in the career ladder.

Note that the above findings are consistent with the results in
columns 2 and 4 of Table 8.4 which show that the coefficients of the CU6
variable are positive.
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Accordingly, the results of the study are clearly

consistent with Becker's (1985) observation that women's

traditional responsibilities relating to housework and child

care in advanced societies appears to be on the decline and

may disappear or be greatly attenuated in the future.

The results of the study are also consistent with the

predictions of Becker's model that a continuation of the

trend of decreasing housework responsibilities for women

would entail an increase in the energy and time spent at

market activities by women, which would raise their earnings

and incentive to invest in market human capital.

8.8 The Assimilation of Female Immigrants in Hawaii

The "pooled" specification in (8-6) has been used by

Long (1980) and Field-Hendrey and Balkan (1991) to compare

the earnings profiles of native and immigrant women in the

U. S. 19

(8-6) In Y

where BOC=l if foreign-born, 0 if native-born; and the other

variables are defined as in (8-5).

However, Fujii and Mak's (1983a) work suggests that the

model in (8-6) may be misspecified because Fujii and Mak's

19The s e specifications were originally used by Chiswick (1978a) to
compare the earnings profiles of native and immigrant men in the U.s.
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presentation indicates that (8-6) inherently carries the

assumption that the pre-migration schooling and experience

of the foreign-born have the same effects on earnings as the

u.s. schooling and experience of the foreign-born [see

chapter 3 of this dissertation].

Thus, to correct for these possible errors, I specify

the following model (which includes slope dummies for

education and experience):

(8-7) In Y = X[3 + [31ED + [32EXP + .B3EXPSQ + [31SYSM

+ [316YSMSQ + alBOC + a2BOC*EXP

+ a 3BOC*EXPSQ + a.jBOC*ED + u

consistent with the assumption that knowledge and skills are

not perfectly transferable internationally, I posit the

following: a2<O and a4<O .

I used the Filipino sample in the data to empirically

evaluate the above models. In particular, I used the Chow

test to test for the relevance of the additional variables

in (8-7).

Empirical Results

The estimates of equations (8-6) and (8-7) are reported

in Table 8.7.

The Chow test--at the 1% level of significance--rejects

the null hypothesis that the additional variables in (8-7)

are irrelevant. This test result indicates that the model
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in (8-6) is misspecified and, consequently, that any

conclusion derived from it may be misleading.

However, suppose the model in (8-6)--as in Long (1980)

or Field-Hendrey and Balkan (1991)--is used to calculate the

rates of assimilation of Filipino immigrants. Then following

ehiswick's (1978a) procedure, the partial of Y with respect

to Boe is computed as follows:

(8-8) aln YjaBOe = -0.20601 + 0.02834*YSM - 0.00068*YSMSQ.

Substituting different values of YSM in (8-8) produces the

predicted earnings difference between immigrant and

comparable native at different durations-since migration:

1 year, -17.83; 5 years, -8.13; 8 years, -2.28; 9 years,

-0.01; 10 years, 0.01; 13 years, 4.74; 20 years, 8.87; 25

years, 7.74; 30 years, 3.21; and so on. Thus, the

computations show that the earnings of the foreign-born,

other things constant, equal and then exceed that of the

native-born after about 9.5 years. This result is remarkably

similar to the 10 year "catch up" period obtained by Field

Hendrey and Balkan for immigrant women in the U.S.

In comparison, suppose the model in (8-7) is also used

to calculate the rates of assimilation of Filipino

immigrants. Following the same procedure as above, the

partial of Y with respect to Boe is computed:

(8-9) aln YjaBOe = -0.44943 + 0.02999*YSM - 0.00069*YSMSQ

- O.00971*EXP + 0.00007*EXPSQ - 0.04936*ED.
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The initial earnings difference between the average

immigrant and comparable native is obtained by substituting

the following in (8-9): EXP=9.46, EXPSQ=89.49 and

ED=11.22. 20 The earnings difference after one year in the

u.s. is calculated by substituting in (8-9) the following:

YSM=l, YSMSQ=l, EXP=10.46, EXPSQ=109.41 and ED=11.22.

Continuing this procedure, the earnings difference between

immigrant and native at different durations since migration

are: 1 year, -16.84; 5 years, -9.65; 10 years, -3.43; 15

years, -0.30; 16 years, 0.00; 17 years; 0.01; 20 years,

0.26; 25 years, -3.32; 30 years, -9.46; and so on.

The predicted earnings of the immigrants are shown in

figure 8.1. [The predicted earnings of the comparable native

were calculated from column 3 of Table 8.7.]

The results in figure 8.1 indicate that model (8-6)

overestimates the assimilation rates of Filipino immigrants.

These results, therefore, suggest that Field-Hendrey and

Balkan (1991) may have also overestimated the assimilation

rates of the immigrant women in their study.

Although some may question the actual magnitudes of the

effects of the different variables because of specification

biases in the pooled equat.Lons ;?' the coefficients are

~These values correspond to the average Filipino immigrant as
reported in Table 8.2.

~Ipossible sources of these biases are as follows: use of potential
experience; sample selectivity; use of assumption that "control"
variables have the same effect on earnings for both natives and
immigrants; and the non-inclusion of "home-time" and "children"
variables in the equations.
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sUfficiently robust to enable one to conclude at the minimum

that the results of the equations support the

(transferability of skills) hypothesis that the effects on

earnings of the pre-migration education and experience of

foreign-born Filipino females are very much lower than the

effects on earnings of the U.S. education and experience of

native-born Filipino females. 22 Consequently, this minimum

result implies that one cannot always use the model in

(8-6) to examine the assimilation rates of immigrants

without having to worry that the results are unbiased and

consistent.

8.9 Summary and Conclusions

This study investigated the effects of child care and

home-related activities on the earnings of women in Hawaii.

The findings support Becker's (1985) observation that

women's responsibilities relating to child care and

housework are decreasing in advanced societies. Among the

specific results in the analysis that support this trend in

Hawaii are the following: an F-statistic that does not

reject the null hypothesis that the coefficients of "home

time and children" variables are all zero in the earnings

equation for Caucasian immigrants; insignificant

coefficients for many of the "children" variables in the

22An exception to this rule, of course, is when immigrants come from
countries that are very "similar" to the u.s. such as the Caucasian
immigrants in this study who come mostly from Great Britain and Canada.
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earnings equations; and insignificant "children" and marital

status variables in "hours of work" equations.

This study also investigated the earnings and

assimilation of Filipino immigrants in Hawaii. Using an

alternative specification, the results of the analysis

suggest that the model used by Long (1980) and Field-Hendrey

and Balkan (1991)--to calculate the assimilation rates of

immigrants--has a tendency to overestimate the earnings of

immigrants compared to natives. However, the empirical

evidence from the alternative specification indicate that

immigrants achieve earnings parity with comparable natives

although the "catch-up" point is likely to occur at a much

later date than the 10 year period predicted by Field

Hendrey and Balkan.
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TABLE 8.1
Mean Characteristics of the Asian Females in the Sample

Native
Born

Foreign- Native and
Born Foreign-Born

Earnings in 1979
Log of Earnings
Education
Experience (age - education - 6)
Square of Experience
Married, spouse present (%)
% living in Neighbor Islds.
Weeks Worked in 1979
Log of Weeks Worked in 1979
Hours Worked per Week in 1979
Log of Hours Worked per Week in 1979
% w/ Health Disability
% who speak English Very Well
% who speak English Well
% who speak English Poorly
% employed in MENIAL Jobs
% employed in BLUE COLLAR Jobs
% employed in WHITE COLLAR Jobs
% employed in PROFESSIONAL Jobs
% who are Self-employed
Wage/salary workers (%)

Government workers (%)
Private sector workers (%)

AGE
Age at Migration
Number of children ever born
Number of children under 6
No. of children between 6 and 18
% not working in 1975
U.S. citizen (%)
YSM
n

$10,447
9.02

13.14
20.48

619.50
65.50
18.53
47.50

3.81
36.96

3.56
1.94

91.33
6.68
1.99

15.66
7.51

48.91
27.91

4.00
95.99
31.02
64.98
39.62

1. 73
0.23
0.69

17.27

4220

$7.856
8.70

11.36
20.91

601.89
72 .28
15.23
44.25

3.7,0
37.S9
3.56
2.31

40.95
39.41
19.64
42.56
15.30
29.14
13.00

6.29
93.71
10.55
83.16
38.27
26.21

1.94
0.38
1.10

29.63
53.67
12.06

1431

$9,791
8.94

12.69
20.59

615.04
67.72
17.69
46.67

3.78
37.12

3.56
2.03

78.57
14.97

6.46
22.47

9.48
43.90
24.14

4.58
95.42
25.84
69.59
39.27

1. 79
0.27
0.80

20.40

5651

Note: The sample is comprised of non-Whites only
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TABLE 8.2
Mean Characteristics of Caucasian and

Filipino Females in the Sample

Variables Whites
Natives Foreign

Filipinos
Natives Foreign

Earnings in 1979
Log of Earnings in 1979
Education
Experience (Age -

Education -6)
Square of Experience
Married (%)
% living in Neighbor Islands
Weeks Worked in '79
Log of Weeks Worked in 1979
Hours Worked per Week in 1979
Log of Hours Worked per Week

in 1979
% w/ Health Disability
% who speak English Very Well
% w/ English Well
% w/ English Poor
% in Menial Jobs
% in Blue Collar Jobs
% in White Collar Jobs
% in Professional Jobs
% Who are Self-employed
% Wage/Salary Workers

% in Government
% in Private

AGE
Number of children ever born
Number of children under 6
Number of children between

6 and 18
% not working in 1975
% u.S. Citizen
YSM
n

$9,171
8.78

13.02
16.45

417.31
51. 51
25.34
45.59
3.74

36.71
3.55

3.03
99.17

0.83
0.00

19.83
6.61

48.48
25.07

5.23
94.76
17.08
77 .69
35.47
1. 76
0.27
0.74

27.82

363

$10,273
8.77

13.36
20.82

560.67
59.90
19.34
43.08

3.64
37.24
3.52

1.41
93.87

5.66
0.47

19.34
3.30

45.75
31. 60
9.43

90.57
13.68
76.89
40.17
1.29
0.13
0.52

26.41
48.11
17.51

212

$8,503
8.81

12.16
17.28

445.67
67.37
30.88
46.23
3.76

36.77
3.56

1.93
92.46

6.14
1.40

2.5.26
9.47

45.44
19.82
2.81

97.19
21.23
75.96
35.43
2.41
0.47
1.24

25.96

570

$7,884
8.76

11.22
20.22

582.43
77.93
22.32
44.53
3.70

38.06
3.59

1. 40
46.43
40.69
12.88
42.09
20.41
25.25
12.24
2.68

97.32
13.77
83.54
37.44
2.23
0.55
1.44

28.44
51.02
10.76

784



Variables

In Y

ED

EXP

EXPSQ

MS

LNWKS

KIDS

CU6

C6-18

InHOURS

DIS

NLF75

YSM

YSMSQ

BOC
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Table 8.3
Definitions of Variables

Definitions

Natural logarithm of annual earnings in
1979

Years of schooling completed

Age - education - 6

Square of EXP

=1 if married with spouse present, 0
otherwise

Natural logarithm of weeks worked in 1979

Number of children ever born

Number of children under 6 living in the
household

Number of children between 6 and 18
living in the household

Natural logarithm of hours worked per
week in 1979

=1 if person has a health condition which
limits the amount or kind of work she
can do, 0 otherwise

=1 if individual was not working in 1975,
o otherwise

Years Since Migration

Square of YSM

=1 if born in another country, 0
otherwise
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TABLE 8.4
Earnings Equation Estimates for Native-born

Asian Females in Hawaii in 1979

ED (Education)

EXP (Experience)

EXPSQ

DIS (Disability)

NI (Neigbor Islands)

In WKS

In HOURS

MS (Marital Status)

MS*EXP

MS*EXPSQ

KIDS

CU6

C6-18

NLF75

CONSTANT
R2

F-int
F-add
n

(1 )

0.08493*
(21.80)
0.04187*
(15.20)

-0.00065*
(-10.99)

-0.35780*
(-5.17)

-0.07713*
(-3.14)
1.13988*
(45.54)

0.02421
( 1.10)

3.10346*
0.4251
445.01

4220

(2 )

0.07815*
(19.04)
0.05713*
(14.24)

-0.00094*
(-10.40)

-0.37306*
(-5.12)

-0.05897*
(-2.45)
1. 08177*
(43.66)

0.28733*
(5.48)

-0.03046*
(-5.31)
0.00058*
(4.78)

-0.04191*
(-5.21)
0.04889

(2.52)
-0.00487

(-0.42)
-0.27174*

(-9.99)
3.41632*

0.4550
270.14

4220

(3)

0.08661*
(21.68)
0.03390*
(13.41)

-0.00048*
(-8.82)

-0.25205*
(-3.99)

-0.08215*
(-3.67)
1. 00341*
(43.07)
0.69370*
(29.22)
0.02516
(1.25)

1.18873*
0.5221
574.97

4220

(4)

0.08204*
(20.34)
0.04314*
(11.10)

-0.00063*
(-7.27)

-0.26357*
(-4.23)

-0.06799*
(-3.07)
0.96968*
(41.86)
0.65277*
(27.58)
0.19226*

(3.98)
-0.01833*

(-3.46)
0.00033*
(2.96)

-0.03786*
(-5.12)
0.05485
(3.08)
0.00764

(0.72)
-0.20606*

(-8.20)
1. 52523*
0.5385
350.51
24.90

4220

Notes: [*] indicates significance at the 5 percent level. T ratios in
parenthesis. (F-int) tests the null hypothesis that all the
regression coefficients are zero. (F-add) tests the null hypothesis
that the coefficients of the additional variables in (8.4) relative
to (8.3) are all zero.
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TABLE 8.5
Earnings Equation Estimates for Foreign-born

Asian Females in Hawaii in 1979

ED (Education)

EXP (Experience)

EXPSQ

DIS (Disability)

NI (Neigbor Islands)

ln WKS

1n HOURS

MS (Marital Status)

MS*EXP

MS*EXPSQ

KIDS

CU6

C6-18

NLF75

YSM

YSMSQ

CONSTANT
R2

F-int
F-add
n

( 1)

0.01544*
(2.88)

0.00948*
(1. 90)

-0.00017*
(-1.67)

0.00387
(0.03)

0.06904*
(1. 46)

0.97998*
(30.72)

0.01725
(0.42)

0.02086*
(3.35)

-0.00050*
(-2.96)
4.64509*
0.4271
117.71

1431

(2 )

0.01379*
(2.54)

0.01854*
(2.30)

-0.00030*
(-1.77)

-0.01808
(-0.16)
0.06814

(1. 45)
0.96057*
(30.09)

0.15688
(1. 56)

-0.01474
(-1.44)
0.00027
(1.29)

-0.03586*
(-3.09)
0.03115

(1.25)
0.02643

(1. 77)
-0.18711*

(-4.81)
0.01486*

(2.36)
-0.00034*

(-2.02)
4.75842*

0.4413
74.50

1431

(3)

0.01621*
(3.19)

0.00835*
(1. 76)

-0.00012
(-1. 29)

-0.02701
(-0.25)
0.06547

(1. 46)
0.90323*
(29.28)
0.49824*
(12.68)

-0.00506
(-0.13)

0.02060*
(3.49)

-0.00048*
(-3.01)
3.15934*
0.4854
133.94

1431

(4)

0.01456*
(2.82)

0.01256
(1.64)

-0.00018
(-1.14)

-0.04548
(-0.23)

-0.06509
(1. 46)

0.88652*
(28.69)
0.48639*
(12.43)
0.04730

(0.49)
-0.00617

(-0.63)
0.00013
(0.65)

-0.03038*
(-2.75)
0.03243
(1.37 )
0.01924

(1.36)
-0.17463*

(-4.73)
0.01481*

(2.47)
-0.00034*

(-2.08)
3.34608*
0.4963

87.09
5.10
1431

Notes: [*] indicates significance at the 5 percent level. T ratios in
parenthesis. (F-int) tests the null hypothesis that all the
regression coefficients are zero. (F-add) tests the null hypothesis
that the coefficients of the additional variables in (8-4) relative
to (8-3) are all zero.
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Table 8.6
Earnings Equation Estimates for Native-born and

Foreign-born White Females in Hawaii in 1979

Native-born
(Whites only)
(1) (2)

Foreign-born
(Whites only)
(3) (4)

212

-0.01191
(-0.76)

0.00029
(0.78)
0.87429*
0.7172

50.97

ED (Edu
cation)

EXP (Exp
erience)

EXPSQ

DIS(Disa
bility)

NI(Neigh
bar Is.)

In WKS

In HOURS

MS(Mari
tal St.)

MS*EXP

MS*EXPSQ

KIDS

CU6

C6-18

NLF75

YSM

YSMSQ

CONSTANT
R2

F-int
F-add
n

0.04343*
(2.30)
0.04552*
(3.60)

-0.00093*
(-3.26)
-0.43265

(-1. 71)
-0.12035

(-1.23)
0.90095*
(9.85)
0.74576*
(6.12)

-0.06762
(-0.76)

1.91160*
0.4134
31.19

363

0.03137*
(1. 65 )
0.05162*

(2.94)
-0.00082*
(-2.17)
-0.45086*

(-1.81)
-0.09264

(-0.96)
0.83798*

(8.94)
0.69664*
(5.81)

-0.16767
(-0.74)
0.03125
(1. 22)

-0.00096
(-1.63)

-0.08986*
(-2.72)
0.00845

(0.10)
-0.02657
(-0.53)
-0.25401*
(-2.50)

2.56163*
0.4499
20.33

3.85
363

0.03997* 0.03534*
(2.31) (1.97)
0.02932* 0.02682
(1.91) (1.25)

-0.00071* -0.00075
(-2.07) (-1.56)
0.22588 0.28689
(0.61) (0.77)

-0.22269* -0.24916*
(-2.00) (-2.19)
1.17253* 1.15680*
(15.90) (15.36)
0.85785* 0.85613*
(9.11) (8.53)

-0.01070 -0.17571
(-0.12) (-0.58)

0.01839
(0.59)

-0.00031
(-0.44)

-0.00577
(-0.13)

-0.15255
(-1.30)

-0.07812
(-1.08)
0.02150

(0.19)
-0.00938

(-0.58)
0.00025

(0.64)
1. 08056*

0.7228
31. 79
0.66
212

Notes: [*1 indicates significance at the 5 percent level. T-ratios in
parenthesis. See Table 8.4 for meaning of (F-int) and (F-add).



Table 8.7
Regression Analysis of Earnings for Native

and Foreign-born Filipino Females, 1979

272

ED (Education)

EXP (Experience)

EXPSQ

DIS (Disability)

NI (Neighbor Islands)

ln WKS

ln HOURS

MS (Marital Status)

BOC (Foreign-born)

BOC*YSM

BOC*YSMSQ

BOC*EXP

BOC*EXPSQ

BOC*ED

CONSTANT
R2

F-int
Chow test
n

Native and
Foreign

(8-6)

0.02373*
(4.55)

0.02373*
(3.29 )

-0.00018*
(-1. 95)

-0.23982*
(-2.00)

-0.03910
(-1.12)
0.88007*
(29.84)
0.51763*
(12.08)

-0.01907
(-0.52)

-0.20601*
(-3.62)
0.02834*
(3.77 )

-0.00068*
(-3.31)

3.23565*
0.5149
129.50

1354

Native and
Foreign

(8-7)

0.06155*
(5.59)

0.01875*
(2.74)

-0.00029
(-1.16)

-0.21289*
(-1. 77)

-0.04114
(-1.18)
0.87930*
(29.98)
0.51995*
(12.20)

-0.01772
(-0.48)
0.44943*

(2.71)
0.02999*

(3.95)
-0.00069*

(-3.36)
-0.00971*

(-1.72)
0.00007

(0.38)
-0.04936*

(-3.94)
2.69955*
0.5213
104.16

5.97
1354

Natives
Only

0.06090*
(5.58)

0.01780*
(2.25)

-0.00028
(-0.76)

-0.26008
(-1.54)

-0.06247
(-1.25)
0.92541*
(19.75)
0.68209*

(9.86)
0.01637

(0.31)

1.96475*
0.5505

85.87

570

Immigrants
Only

0.01288*
(2.12)

0.01086*
(1. 83)

-0.00015
(-1.32)

-0.13758
(-0.81)

-0.01609
(-0.33)
0.84978*
(22.64)
0.42787*
(7.90 )

-0.03099
(-0.72)

0.03099*
(4.06)

-0.00071*
(-3.43)

3.62733*
0.5062

79.23

784

Notes: [*) indicates significance at the 5 percent level.
T-ratios in parenthesis.



Figure 8.1

Predicted Earnings of Hawaii-born and
Foreign-born Filipino Women in Hawaii
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CHAPTER 9

ENGLISH LANGUAGE ABILITY AND THE EARNINGS

ATTAINMENT OF FEMALE IMMIGRANTS IN HAWAII

9.1 Introduction

The effects of language ability on the earnings

attainment of immigrants has become an increasingly

important area of research in labor economics.

Most of the American studies on English language

fluency have found that English language proficiency has a

significant effect on the earnings of immigrants. I The

empirical findings of these studies may be summed up as

follows: (1) holding other variables constant, English

language fluency explains some of the immigrant-native

earnings differential; (2) other things the same, English

language fluency accounts for some of the effect of duration

in the destination on earnings; and (3) there is an economic

cost to English language deficiency but the cost differs by

ethnicity and occupation. 2

I s e e , for example, McManus et al. (1983), Reimers (1983), Grenier
(1984), Kossoudji (1988), and Tainer (1988).

2Chiswick (1991a), using data drawn from a survey of illegal aliens
apprehended by the INS, found that reading fluency is more important
than speaking fluency as a determinant of earnings. Rivera-Batiz
(1990a), using data that provides test-based measurements of language
proficiency, also obtained results that indicate that English reading
proficiency is a major factor constraining the wage rates received by
immigrants. Chiswick and Rivera-Batiz' results, however, have not yet
been subjected to a rigorous examination by other researchers because of
difficulty in getting data that contains reliable measures of reading
proficiency. Thus, there exists the possibility that the effect of
reading proficiency on earnings, as measured by Chiswick and Rivera-
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These studies, however, have left many issues

unresolved because their empirical results were obtained

mostly from data that pertain to the experiences of male

immigrants of Hispanic ethnicity (Chiswick 1991). This

study hopes to investigate some of these unresolved issues

by extending the research to the labor market experience of

female Asian immigrants in Hawaii. Hawaii provides an ideal

setting for this study because Hawaii's multiethnic

environment provides an excellent opportunity for examining

the effects of language on earnings across different

immigrant groups.

9.2 Description of the Data

The data for this study comes from the 1980 Public Use

Microdata Samples for Hawaii (PUMS).3 The population under

study were restricted to foreign-born females in the sample

who belong to the following ethnic groups: Whites,

Japanese, Chinese, Filipinos, Koreans, Portuguese and

Hawaiians and who were aged 20-64, who worked at least one

week in 1979, who were not in school, in the military or

retired, who did not undertake any additional schooling in

Batiz, could be a proxy for something else, like ability or motivation.
For example, persons who score highly in test-based measures of reading
proficiency may have higher wages or earnings because they have more
ability or motivation. Hence, the measure is not one of proficiency but
one of ability or motivation.

3The PUMS A (5% random sample) and PUMS B (1% random sample) were
combined to produce more cases for the study. Duplicates were identified
and excluded from the analyses.
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the u.s. and who reported earnings in 1979 from wages,

salary and self-employment. The foreign-born are defined as

those born in a foreign country and not of American parents.

Persons born in an outlying area of the u.s. (Guam, American

Samoa, etc.) or born abroad of American parents are excluded

from the analyses.

9.3 Mean Values

Table 9.1 reveals that a large percentage of foreign-

born females are in menial and blue collar jobs. Table 9.1

also reveals that a large percentage of the foreign-born do

not speak English very well. The table also reveals that

among the foreign-born, Caucasian females had the highest

average annual earnings while Korean females had the lowest

average annual earnings. Furthermore, Caucasian females had

the highest percentage of own numbers who speak English very

well while Koreans had the highest percentage of own numbers

who do not speak English very well. Foreign-born White

women also had more education compared to the other ethnic

groups.

9.4 Language and Earnings

To model the effect of assimilation and acculturation

on female immigrant earnings in Hawaii, I use the following

specifications: 4

4The theoretical and empirical basis of these specifications are
discussed in chapter 8.
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(9-1) In Y = (30 + (3I EO + (32EXP + (33EXPSQ + (340 I S + (35NI

+ (36InWEEKS + (37InHOURS + (3gWELL + (39VERYWELL +

(3IOCTZ + (3I1MS + (3lsIM70-74 + (319IM65-69 + (320IM60-64

+ (321IM50-59 + (3nIMBEF50 + u

(9-2) In Y = (30 + (3IEO + (32EXP + (33EXPSQ + (340 I S + (35NI

+ (36InwEEKS + (37InHOURS + (3gWELL + (39VERYWELL + (3IOCTZ +

(311MS + (312MS*EXP + (3I3MS*EXPSQ + (314KI OS + (315CU6 +

+ (316C6-18 + (3I7NLF75 + (3lgIM70-74 + (319IM65-69 +

(32oIM60-64 + (321IM50-59 + (322IMBEF50 + u

where In Y is the natural logarithm of earnings in 1979; ED

is years of schooling; EXP is labor market experience (age 

education - 6); EXPSQ is the square of EXP; OIS=1 if person

has a health condition which limits the amount or kind of

work person can do; InWEEKS is the log of weeks worked in

1979; InHOURS is the log of usual hours worked per week in

1979; MS=1 if married with spouse present, 0 otherwise; NI=1

if respondent lives in the Neighbor Islands, 0 otherwise;

KIDS is number of children ever born; CU6 is number of

children under 6 living in the household; C6-18 is number of

children between 6 and 18 living in the household; NLF75=1

if individual was not working in 1975, 0 otherwise; IM70-

74=1 if immigrated to the u.S. in 1970 to 1974, 0 otherwise;

IM65-69=1 if immigrated to the U.S. in 1960 to 1969, 0

otherwise; IM60-64=1 if immigrated to the u.S. in 1960 to

1964, 0 otherwise; IM50-59=1 if immigrated to the u.S. in
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1950 to 1959, 0 otherwise; IMBEF50=1 if immigrated to the

u.s. before 1950, 0 otherwise; and the reference category

for the dummy immigration variables is IM75-79 where

79=1 if immigrated to the u.s. in 1975 to 1979, 0

IM75-

otherwise;5 CTZ=l if the respondent is a citizen, 0

otherwise;6 VERYWELL=l if person has no difficulty speaking

English (includes persons who speak only English or speak

only English at home), 0 otherwise; WELL=l if person has

only minor problems with the English language and which do

not seriously limit her ability to speak English, 0

otherwise; and the reference category for the dummy language

variables is POOR where POOR=l if person is seriously

limited in her ability to speak English (includes persons

who do not speak English at all), 0 ot.herwi.se ," [Table 9.2

gives a summary of all the variables used in the study.]

SThe coefficient ~I in the two specifications above is the return to
pre-migration education while the coefficients ~1 and ~3 give a measure
of pre-migration experience. Moreover, the coefficients of the dummy
immigration variables in the two specifications above give a measure of
the effect of post-migration experience on earnings. Borjas (1982) and
Tandon (1978) also employed the use of dummy immigration variables to
measure the effect of post-migration experience on earnings.

6The possession of citizenship is a prerequisite for some
government jobs (see Fujii and Mak (1983b), p.767).

7rndividuals are categorized into one of three groups based on
their English language ability: those who speak English fluently; those
who can communicate in English; and those who speak little or no
English. This particular coding for the English language ability dummies
is similar to that used by Kossoudji (1988). Like Kossoudji, this study
uses this type of coding because the information in the sample does not
permit the use of a continuous variable. Kossoudji (1988) writes that
the important comparison in this study is between the first category and
the third category.
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I include the language variables because of research

which has found a link between language and earnings. Prior

research has found that immigrants who do not speak much

English have a hard time finding jobs and get low pay in the

jobs they find. Grenier (1984) aptly sums up the

hypothesized relationship between language and earnings as

follows:

Language can be seen as providing communication
skills that influence people's productivity at
work. consequently, people who have a better
command of the language or languages used in a
given work environment should also receive a
higher wage (p. 38).

consistent with theory and previous empirical evidence

I posit the following for the equation in (9-2):

Furthermore, I also posit that assimilation and

acculturation will have significant effects on immigrant

This follows from Mincer and Ofek's (1982) hypothesis that,

other things the same, earnings of immigrants are likely to

be lower than the earnings of natives of the same ethnicity

since immigrants are possessed of knowledge and skills that

are not directly transferable from their horne country to
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their destination country. However, the earnings of

immigrants rise steeply shortly after they arrive in the

u.s. as they invest in the "repair" and restoration of their

previously eroded human capital and the difference between

their earnings and the earnings of natives diminish. The

initial earnings discrepancy and the subsequent rise in

earnings would be smaller, the greater the similarity

between the home and destination countries. 8

9.S Empirical Results

I estimated the two equations in (9-1) and (9-2) for

each ethnic group. I also estimated the two equatiuns for a

pooled sample of all the foreign-born with dummies for the

non-caucasian groups.9 The results are displayed in Table

9.3. (All the earnings equations were estimated with OLS and

tests at the 5% level were employed).

I also compared the different earnings equations with

chow tests, comparing pairwise the Caucasian equation with

that of the other groups. The results of these tests showed

that the Caucasian equation is significantly different frqm

8Li ke other studies on immigrant earnings, this study ignores the
effects of foreign-born emigration--the return of immigrants to their
country of origin--on the observed earnings patterns of immigrants.
Although these effects may be substantial in some cases, most studies
are forced to ignore these effects because of the difficulty of
obtaining data pertaining to foreign-born emigration from the U.s. (see
Jasso and Rosenzweig 1982 and Warren and Peck 1980).

9The ethnic dummies are: JPN for Japanese, CHN for Chinese, PORT
for Portuguese, HAW for Hawaiians, FIL for Filipinos, KOR for Koreans,
and WHT for Caucasians.



281

the other equations. The tests showed also that the

principal sources of the difference between the Caucasian

equation and the non-Caucasian equations are the intercept

and the variables ED, EXP, EXPSQ and the dummy immigration

variables. These results are not really surprising because

the immigrants in the sample corne from countries of varying

"economic and cultural distance ll relative to the u.s. and

hence, these immigrants also corne with skills that have

different levels of transferability in the u.s. labor

market.

The results in the table show that the effect of

schooling on earnings is almost the same for Whites, Koreans

and Chinese. The low returns to schooling for Filipinos is

probably due to the poor quality of education in the

Philippines. 1U

The returns to labor market experience is highest for

Koreans, followed by Whites, Chinese and Filipinos, and

lowest for the Japanese.

The positive returns to citizenship for Filipinos may

probably be due to the fact that there are more Filipinos in

government work (13 percent) compared to other groups and

some government work require the possession of citizenship.

IOFujii and Mak (1983b) also find that among Asian immigrants in
Hawaii, the effect of schooling on income is lowest for Filipino men.
Fujii and Mak attribute this result as being due to the generally poor
quality of education in the Philippines.
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The insignificant coefficients of the DIS variable for

the foreign-born may be due to the relatively small number

of immigrants who reported having a "health disability".

However, the insignificant coefficients could also be an

indication of the "selectivity" of the foreign-born, i.e.,

only those who are healthy and fit are prone to migrate to

the u.S.

The coefficients of the English language variables

indicate that the effects of language on earnings are

greater for Chinese and Japanese immigrant women compared to

Koreans and Filipinos. The probable explanation is that

there are proportionately more Japanese and Chinese in the

higher level and higher paying occupations where the premium

for English skills is higher. The empirical support for this

explanation is found in Table 9.4 where it is shown that

earnings differential by English language ability is small

for menial and blue collar occupations but large in white

collar and professional, technical and managerial

occupations (with the exception of the "English Poor"

category) .11

The coefficients of the dummy immigration variables

show that only Filipinos experience a significant increase

in earnings over time while the results for the other groups

"This particular exception is very likely due to the small cell
count for the "English poor" category which renders the mean estimate
for this category unstable.
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show that their earnings do not rise with time in the

Hawaii labor market.

The pooled regression results show that Filipinos and

Japanese women do not have significantly lower earnings than

Caucasian women after controlling for intergroup differences

in productivity variables but Chinese women have earnings

that are 16 percent lower and Korean women 13 percent lower

than Caucasian women.

I wanted to test the hypothesis that citizenship and

English language fluency account for some of the effects of

duration in destination on earnings so I reestimated

equation (9-2) on the pooled sample of immigrants but

without the controls for language and citizenship. I then

compared the results of the reestimated equation with that

of the results of the original equation, [i.e., equation (9

2) with controls for citizenship and language]. The

estimates given in Tables 9.5 and 9.6 show that the effect

of years since migration on earnings is generally

overestimated if no controls for language and citizenship

are included in the earnings equations. This result

supports the hypothesis that the acquisition of citizenship

and improvement of language skills have positive effects on

the earnings of immigrants. This result is also consistent

with the findings of previous studies that, other things the

same, English language fluency accounts for some of the

effect of duration in the destination on earnings.
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In addition, I reestimated equation (9-1) on the

foreign-born sample without the control variables for

English language ability and compared the results with the

previous results of equation (9-1), [i.e., equation (9-1)

with controls for English language ability]. The results

(displayed in the footnote below) 12 show that in the

reestimated equation without language dummies the earnings

difference between Whites and the other groups have widened

and that the dummy ethnic coefficients are more significant.

Specifically, the results show that the earnings difference

between Whites and Koreans increased by 4.42 percent, that

between Whites and Chinese by 3.56 percent, that between

Whites and Japanese by 3.67 percent and that between Whites

and Filipinos by 2.47 percent. These results indicate that

English language fluency explains some of the earnings

differential between Whites and the other ethnic groups.

All these results, however, should be interpreted with

caution because it is apparent that the use of potential

experience rather than actual experience in all the

equations may have introduced some bias in the results.

Note, however, that (except for the Japanese equation in

I~The reestimated equation is as follows:
In Y = 2.8951* +.01789ED* +.01031EXP* -.00015EXPSQ +.01829DIS -.00446NI

(3.64) (2.25) (-1.59) (0.1:8) (-0.10)
+.94609lnWKS* +.55323lnHOURS* +.07511CTZ* -.01896MS +.17460IM70-74*
(33.11) (15.26) (2.14) (-0.53) (3.79)

+.06833IM65-69 +.15523IM60-64* +.07710IM50-59 +.02399 IMBEF50
(1.30) (2.54) (1.19) (0.29)

-.12842JPN* -.19775CHN* -.18322KOR* -.06709FIL
(-2.31) (-2.93) (-2.70) (-1.31)

R' = .5294 F = 101.51 n=1643



285

Table 9.3) most of the coefficients in the different

equations exhibit the correct signs and level of

significance as predicted by prior theory and empirical

evidence. Hence, even if one may question the exact

magnitudes of the effects of the different variables, the

coefficients should be sufficiently robust to uphold the

findings that, holding other things the same, English

language fluency accounts for some of the earnings

differential between White female immigrants and non-White

female immigrants and that English language fluency accounts

for some of the effects of duration in destination on

earnings.

9.6 Summary and Conclusions

In recent years, substantial research has focused on

studying the effects of language ability on the earnings and

occupational attainment of immigrants. However, much of the

research in this area has been conducted on the experiences

of male immigrants of Hispanic ethnicity. This study

extends this research by analyzing the effects of English

language ability on the earnings attainment of female

immigrants in Hawaii. Hawaii is an excellent setting for

this type of study because large numbers of immigrants of

different ethnicities live in Hawaii.

The findings of this study support the conclusion of

previous studies that English language ability has a
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significant effect on the earnings of immigrants. This study

finds that, holding other things the same, English language

fluency accounts for some of the earnings differential

between White female immigrants and non-White femule

immigrants and that English language fluency accounts for

some of the effects of duration in destination on earnings.
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TABLE 9.1
Mean Characteristics of Females in the Sample by Ethnic Grouping

Variables

Earnings in 1979
Log of Earnings
Education
Experience
Square of Experience
Married (%)
% living in Neighbor Islds.
Weeks Worked in '79
Log of Weeks Worked in 1979
Hours/Week in 1979
Log of Hours Worked

per Week in 1979
% w/ Health Disability

% who speak English Very Well
% w/ English Well
% w/ English Poor

% in Menial Occupations
% in Blue Collar Occupations
% in White Collar Occupations
% in Professional, Technical

& Managerial Occupations
% Self-employed
% Wage/Salary Workers

% in Government
% in Private

AGE
Number of children ever born
Number of children under 6
Number of children

between 6 & 18
% not working in 1975
% U.S. Citizen
% immigrated from 75-79
% immigrated 70-74
% immigrated 65-69
% immigrated 60-64
% immigrated 50-59
% immigrated before 1950
n

All

8,168
8.71

11.62
20.90

596.57
72.43
15.76
44.10

3.69
37.54
3.56

2.19

47.78
35.06
17.16

39.56
13.75
31. 28
15.40

6.69
93.30
10.95
82.35
38.52

1.86
0.35
1.03

29.21
52.95
21.62
27.02
19.29
13.02
13.09

5.96
1643

Whites

10,273
8.77

13.36
20.82

560.67
59.90
19.34
43.08

3.64
37.24

3.52

1.41

93.87
5.66
0.47

19.34
3.30

45.75
31.60

9.43
90.57
13.68
76.89
40.17

1. 29
0.13
0.52

26.41
48.11
11. 32
16.51
15.09
25.00
18.40
13.68

212

Japanese

8,788
8.77

12.01
24.91

756.79
74.14
9.34

46.24
3.77

36.73
3.52

3.43

37.69
37.38
24.92

37.38
10.28
41. 74
10.59

11. 53
88.47
7.16
8.13

42.92
1. 58
0.13
0.64

25.54
58.57
11.21
18.69
12.77
16.51
32.09
8.72

321
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w/
w/
in
in
in
in

Variables

Earnings in 1979
Log of Earnings
Education
Experience
Square of Experience
Married ('ti)
% living in Neighbor Islds.
Weeks Worked in '79
Log of Weeks Worked in 1979
Hours/Week in 1979
Log of Hours Worked

per Week in 1979
% w/ Health Disability

% who Speak English Very Well
%
%
%
%
%
%

% Self-employed
% Wage/Salary Workers

% in Government
% in Private

AGE
Number of children ever born
Number of children under 6
Number of children

between 6 & 18
% not working in 1975
% U.S. Citizen
% immigrated from 75-79
% immigrated 70-74
% immigrated 65-69
% immigrated 60-64
% immigrated 50-59
% immigrated before 1950
n

Filipinos

7,884
8.76

11.22
20.22

582.43
77.93
22.32
44.53
3.71

38.06
3.59

1.40

46.43
40.69
12.88
42.10
20.41
25.25
12.24

2.68
97.32
13.77
83.55

37.44
2.23
0.55
1.44

28.44
51.02
23.21
32.01
25.64
9.31
5.87
3.95

784

Chinese

7,041
8.48

10.74
21.21

647.02
77.99
4.40

41.89
3.61

35.48
3.49

3.14

37.11
27.67
35.22
40.25
10.69
25.16
23.90

10.06
89.94 ,

7.55
82.39

37.94
1.90
0.28
0.85

30.82
65.41
26.41
19.50
16.98
16.98
14.46

5.66
159

Koreans

6,706
8.54

11.38
16.14

352.56
53.89
3.59

41.33
3.61

39.03
3.59

3.59

25.15
41.32
33.53
56.89

5.39
26.95
10.78

9.58
90.42
4.79

85.63

33.52
1. 31
0.16
0.66

41.92
45.51
42.51
40.12
9.58
4.79
2.39
0.60

167
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Table 9.2
Definitions of Variables

Variables Definitions

o otherwise
o otherwise
o otherwise
o otherwise
1950, 0 otherwise

Natural logarithm of annual earnings in 1979
Years of schooling completed
Age - education -6
Square of EXP
=1 if married with spouse present, 0 otherwise
Natural logarithm of weeks worked in 1979
Number of children ever born
Number of children under 6 living in the household
Number of children between 6 and 18 living in the

household
Natural logarithm of hours worked per week in 1979
=1 if person has a health condition which limits the

amount or kind of work she can do, 0 otherwise
=1 if individual was not working in 1975, 0 otherwise
=1 if immigrated to u.s. 1975-1979,0 otherwise

WELL

=1 if immigrated to u.s. 1970-1974,
=1 if immigrated to u.s. 1965-1969,
=1 if immigrated to u.s. 1960-1964,
=1 if immigrated to u.s. 1950-1959,
=1 if immigrated to the u.s. before
Pre-migration experience
Years Since Migration
=1 if born in another country, 0 otherwise
=1 if person is of Japanese ethnicity, 0 otherwise
=1 if person is of Chinese ethnicity, 0 otherwise
=1 if person is of Filipino ethnicity, 0 otherwise
=1 if person is of Korean ethnicity, 0 otherwise
=1 if person is of Hawaiian ethnicity, 0 otherwise
=1 if person is of Portuguese ethnicity, 0 otherwise
=1 if person is of Caucasian ethnicfty, 0 otherwise
=1 if person has no difficulty speaking English

(fluent English speakers), 0 otherwise
=1 if person has only minor problems with the English

language, 0 otherwise
POOR (ref. categ.) =1 if person speaks little or no English, 0 otherwise

NLF75
IM75-79 (refe-

rence category)
IM70-74
IM65-69
IM60-64
IM50-59
IMBEF50
EXPB
YSM
BOC
JPN
CHN
FIL
KOR
HAW
PORT
WHT (ref. categ.)
VERYWELL

InHOURS
DIS

In Y
ED
EXP
EXPSQ
MS
LNWEEKS
KIDS
CU6
C6-18
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TABLE 9.3
Earnings Equations for the Foreign-born

Whites Japanese Chinese

ED (Edu- 0.03915* 0.03378* -0.00906 -0.01669 0.03437* 0.03371*
cation) (2.12) (1. 78) (-0.51) (-0.92) (2.55) (2.10)

EXP (Exp- 0.02789* 0.02970 0.00844 0.01805 0.01785 0.05695*
erience) (1. 80) (1.38) (0.61) (0.90) (1. 24) (1. 99)

EXPSQ -0.00069* -0.00085* -0.00025 -0.00064 -0.00011 -0.00089
(-1.99) (-1.76) (-0.87) (-1. 51) (-0.40) (-1.52)

DIS (Dis- 0.24466 0.30119 0.04770 0.10549 0.36679 0.46369
ability) (0.66) (0.80) (0.22) (0.49) (1.17) (1. 29)

NI(Neigh- -0.20094* -0.22539* 0.18714 0.20331 0.35889 0.32386
bor Is. ) (-1.78) (-1.96) ( 1.39) (1. 53) (1.42) (1.25)

1n WKS 1.16158* 1.14183* 0.64629* 0.62321* 1. 06248* 1.04040*
(15.35) (14.84) (6.62) (6.44) (12.47) (11.83)

1n HOURS 0.87851* 0.87101* 0.62675* 0.61082* 0.67209* 0.61931*
(9.36) (8.75) (7.27) (7.13) (5.81) (5.19)

WELL 0.45423 0.34195 0.13047 0.11745 0.22385 0.27119*
(0.69) (0.51) (1.26) (1.14 ) (1. 53) (1. 79)

VERYWELL 0.54706 0.40770 0.24542* 0.18158 0.29098* 0.32216*
(0.87) (0.62) (2.17) (1. 60) (1.80) (1. 96)

CTZ (U. S. 0.09429 0.09890 -0.02909 -0.00933 0.08628 0.10792
Citizen) (0.86) (0.89) (-0.33) (-0.10) (0.51) (0.63)

MS(Mari- -0.02129 -0.09128 0.03759 -0.05864 0.05268 0.32001
tal St. ) (-0.23) (-0.30) (0.39) (-0.20) (0.38) (1. 09)

MS*EXP 0.00617 -0.00505 -0.04501
(0.20) (-0.19) (-1.34)

MS*EXPSQ -0.00002 0.00035 0.00092
(-0.03) (0.65) (1. 34)

KIDS 0.00379 -0.07575* -0.02858
(0.09) (-2.26) (-0.54)

CU6 -0.17731 0.10539 0.01891
(-1.48) (1.04) (0.18)

C6-18 -0.09647 -0.00735 -0.04228
(-1.32) (-0.14) (-0.70)

NLF75 0.01017 -0.25310* -0.16922
(0.09) (-2.66) (-1. 37)

IM70-74 -0.15765 -0.08805 0.15907 0.17002 0.33772* 0.27752
(-0.91) (-0.50) (1. 07) (1.16) (1. 89) (1. 52)

IM65-69 -0.03410 0.01297 0.01557 0.03176 0.00137 -0.01594
(-0.19) (0.07) (0.09) (0.19) (0.01) (-0.07)

IM60-64 0.00332 0.08248 -0.12582 -0.11343 -0.02102 -0.03563
(0.02) (0.47) (-0.78) (-0.69) (-0.10) (-0.16)

IM50-59 -0.33794 -0.31058 0.09015 0.09708 0.00908 -0.02811
(-1.72) (-1.56) (0.60) (0.64) (0.04) (-O.ll )

IMBEF50 -0.02560 0.02631 0.04158 0.11861 0.22759 0.11590
(-0.11) (0.11) (0.20) (0.57) (0.70) (0.35)

CONSTANT 0.29952 0.64278 3.99726* 4.42418* 1.23169* 1. 40318*
R2 0.7299 0.7368 0.3376 0.3730 0.6876 0.7019
F 32.94 24.05 9.68 8.06 19.53 14.55
n 212 212 321 321 159 159
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Table 9.3 (Continued) Earnings Equations for the Foreign-born

Koreans Filipinos Pooled Sample

ED (Edu- 0.04031* 0.03853* 0.01601* 0.01468* 0.01543* 0.01283*
cation) (2.79) (2.60) (16.08) (2.22) (3.05) (2.50)

EXP (Exp- 0.03736* 0.03580* 0.01042* 0.00906 0.01123* 0.01662*
erience) (2.42) (1.73) (1. 77) (0.88) (2.44) (2.29)

EXPSQ -0.00084* -0.00069 -0.00014 -0.00003 -0.00016* -0.00028*
(-2.19) (-1.28) (-1.19) (-0.15) (-1.66) (-1. 82)

DIS (Ois- -0.03232 0.02636 -0.14466 -0.15949 0.01794 0.01000
ability) (-0.14) (0.11) (-0.86) (-0.95) (0.17) (0.10)

NI(Neigh- -0.12686 -0.19042 -0.01362 -0.01049 -0.00439 -0.00478
bor Is.) (-0.53) (-0.80) (-0.28) (-0.22) (-0.10) (-0.11)

1n WKS 1.04128* 1.04713* 0.84476* 0.83508* 0.94500* 0.93070*
(13.60) (13.30) (22.65) (22.23) (33.09) (32.52)

1n HOURS 0.28838* 0.31514* 0.44104* 0.43004* 0.55209* 0.53679*
(2.92) (3.07) (8.25) (8.04) (15.24) (14.82)

WELL 0.03928 0.04710 -0.15928 -0.15650 0.03712 0.03027
(0.38) (0.45) (-1.33) (-1.30) (0.79) (0.65)

VERYWELL 0.07971 0.08745 -0.12522 -0.12534 0.09532* 0.08925*
(0.67) (0.72) (-1.69) (-1. 70) (1. 87) (1. 76)

CTZ (U.S. -0.05941 -0.08851 0.12860* 0.13616* 0.06769* 0.07268*
Citizen) (-0.54) (-0.79) (2.85) (3.02 ) (1.91) (2.06)

MS(Mari- -0.05008 0.00253 -0.04525 0.01579 -0.18441 0.03826
tal St.) (-0.59) (0.01) (-0.90) (0.14) (-0.51) (0.42)

MS*EXP -0.01113 -0.00090 -0.00727
(-0.33) (-0.07) (-0.79)

MS*EXPSQ 0.00041 -0.00005 0.00019
(0.49) (-0.20) (1. 00)

KIDS -0.08597* -0.02280* -0.02899*
(-2.30) (-1.80) (-2.70)

CU6 -0.00784 0.00578 -0.00253
(-0.08) (0.22) (-0.10)

C6-18 0.05059 0.02209 0.00450
(0.95) (1.42) (0.31)

NLF75 -0.06146 -0.11778* -0.14837*
(-0.67) (-2.50) (-4.22)

IM70-74 0.14890 0.14271 0.20461* 0.16129* 0.17130* 0.14465*
(1. 45) (1. 32) (3.59) (2.68) (3.72) (3.08)

IM65-69 0.12860 0.16173 0.08108 0.03443 0.05906 0.02825
(0.76) (0.95) (1. 30) (0.53) (1.12 ) (0.53)

IM60-64 0.09754 0.09546 0.32791* 0.27996* 0.14586* 0.11998*
(0.46) (0.44) (3.85) (3.23) (2.38) (1. 95)

IM50-59 -0.03030 0.13552 0.21745* 0.18684* 0.06558 0.03087
(-0.10) (0.44) (2.18) (1.84) (1. 01) (0.47)

IMBEF50 -0.58974 0.42731 0.05163 0.03408 0.00520 -0.01016
(0.93) (0.60) (0.44) (0.29) (0.06) (-0.12)

JPN (Ja- -0.09175 -0.09139
panese) (-1.57) (-1.57)

CHN (Chi- -0.16213* -0.15385*
nese) (-2.33) (-2.22)

KOR (Kor- -0.13903* -0.12858
ean) (-1.96) (-1.81)

FIL (Fi- -0.04244 -0.02441
1ipino) (-0.80) (-0.45)

CONSTANT 2.92364* 2.89769* 3.70010* 3.82563* 2.84152* 3.03675*
R1 0.6445 0.6617 0.5249 0.5314 0.5306 0.5387
F 17.00 12.80 52.96 39.23 91.69 72.58
n 167 167 784 784 1643 1643
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Table 9.4
Mean Values of Selected variables for the Foreign-born by

Occupation and by English Language Ability

Variables
English

Very Well
English

Well
English

Poor

7,061.37
8.26
2.61

(153)

6,251.43
6.54
2.26

(70)

7,334.37
11.81

1. 75
(221)

6,554.62
10.37

2.27
(66)

Occupation=MENIAL
7,319.20

10.06
2.22

(281)
occupation=BLUE COLLAR

6,915.78
9.51
2.52

(90)
occupation=WHITE COLLAR

8,909.15 7,095.88 6,707.56
13.37 13.22 11.81

1.53 1.41 1.49
(328) (148) (43)

Occupation=PROF/TECH/MANAGERIAL
12,078.53 9,927.24 13,539.37

15.40 12.84 10.62
1. 24 1. 69 1. 44

(180) (58) (16)

Earnings in 1979
Education
No. of Children Ever Born
No. of Observations

Earnings in 1979
Education
No. of Children Ever Born
No. of Observations

Earnings in 1979
Education
No. of Children Ever Born
No. of Observations

Earnings in 1979
Education
No. of Children Ever Born
No. of Observations
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Table 9.5
Equation (9-2) [with language and citizenship controls]

Whites Japanese Chinese Koreans Fili!pinos Pooled

YSM -0.01355 -0.00468 -0.01804 0.01845 0.02323* 0.01156*
(-0.82) (-0.32) (-0.81) (0.82) (2.85) (1. 93)

YSMSQ 0.00030 0.00014 0.00044 -0.00045 -0.00057* -0.00034*
(0.80) (0.79) (0.79) (-0.59) (-2.69) (-2.29)

Notes: T-ratios in parenthesis. Estimates of other variables are not
displayed since they are almost identical to th~ estimates given
in Table 9.3.

Table 9.6
Equation (9-2) [with no language and citizenship controls]

Whites Japanese Chinese Koreans Filipinos Pooled

YSM -0.01191 -0.00359 -0.00309 0.01557 0.03.099* 0.01767*
(-0.76) (-0.25) (-0.18) (0.81) (4.06) (3.16)

YSMSQ 0.00029 0.00014 0.00026 -0.00036 -0.00071* -0.00044*
(0.78) (0.37) (0.55) (-0.50) (-3.43) (-2.98)

Notes: T-ratios in parenthesis. Estimates of other variables are not
displayed since they are almost identical to the estimates given
in Table 9.3.
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CHAPTER 10

AN EMPIRICAL ANALYSIS OF THE EARNINGS AND OCCUPATIONAL

ATTAINMENT OF ILOCANO IMMIGRANTS IN HAWAII

10.1 Introduction

The low economic progress of Filipinos relative to

other Asian groups in the u.s. has been documented

extensively in the literature (Chiswick 1978b, 1979; Fujii

and Mak 1983b, 1985; Wong 1982; Caces 1985). I continue to

examine this issue by presenting an empirical analysis of

the earnings and occupational attainment of Ilocano

immigrants in Hawaii. I chose Hawaii because a great

majority of the Filipinos in Hawaii are originated from the

Ilocos provinces in the Philippines. l

10.2 Data

The data for this study are drawn from the 1981

Honolulu Destination Survey. The Honolulu Destination survey

was conducted in 1981 by the East-West Population Institute

to investigate Filipino migrants' adaptation behavior. The

survey interviewed 640 male and 840 female Ilocano

respondents with ages ranging from 18-65 in 853 households

in Oahu in 1981.

ILasman et ale (1971) estimate that 82 percent of Filipino
immigrants in Hawaii originate from the llocos region.
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10.3 The Earnings Equation for Male Immigrants

I use the human capital earnings function to examine

the determinants of earnings of male Ilocano immigrants in

Hawaii. My specification is as follows: 2

where In Y is natural logarithm of earnings in 1980, ED is

years of schooling completed; EXP is potential labor market

experience (age - education - 6); EXPSQ is the square of

EXP; MS=l if married with spouse present, 0 otherwise;

lnWKS is the natural logarithm of weeks worked in 1980;

CTZ=l if respondent is a u.s. citizen, 0 othe~wise; YSM is

years since migration; and YSMSQ is the square of YSM. 3

consistent with theory and previous empirical evidence

I posit:

10.3.1 Empirical Estimates

The empirical analysis is restricted to male Ilocano

immigrants who are aged 18-65, who worked at least one week

in 1980, who were not in school, in the military or retired,

"The theoretical and empirical basis for this specification is
discussed in Chiswick (1978a) and Fujii and Mak (1983b).

3r do not include a control variable for urban-rural place of
residence because all of the respondents from the survey are from the
island of Oahu.
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who did not undertake further schooling in the U.S. and who

reported earnings in 1980 from wages, salary and self-

employment. 4

Table 10.1 presents the means of the variables used in

the earnings equation as well as means of other socio-

economic characteristics of the males included in the

analysis. Table 10.2 presents the mean annual earnings in

1980 by occupation.

The figures in Table 10.1 reveal that male Ilocano

immigrants have very low levels of schooling. Table 10.1

also reveals that very few of the immigrants were employed

in professional, technical, managerial and white collar

occupations in the Philippines. In addition, Table 10.1

shows that a large percentage of male Ilocano immigrants

are employed in menial and blue collar occupations in

Hawaii.

OLS estimates of the earnings equation are displayed in

Table 10.3. (The equation passed the F-test at the 5 percent

level. Significant coefficients at the 5 percent level are

indicated with an asterisk.)

The low returns to schooling and experience of Ilocano

immigrants is not really surprising because most Ilocano

4The male workers included in the analysis were also divided into
four occupational groupings namely: a. menial, b. blue collar (includes
craftsmen and operatives), c. white collar (sales and clerical), and d.
professional, technical and managerial. The groupings are based on
Schmidt and Strauss (1975) groupings of major two-digit Census
occupational categories.
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immigrants come from rural areas in the Ilocos provinces of

the Philippines where quality of education is low, where

unemployment is high and where training and work experience

is mostly related to farm work (Caces 1985).

Consistent with previous results for Filipinos in

Hawaii (see Fujii and Mak 1983), I get the result that

Ilocano immigrants' earnings rise with time iri Hawaii. I

also have the curious result that citizenship is valuable to

Ilocano immigrants. s

10.4 The Earnings Equation for Female Immigrants

I use the human capital earnings function with controls

for earnings power losses associated with child care, to

examine the determinants of earnings of femal~ Ilocano

immigrants in Hawaii. My specification is as :follows: 6

where ln Y is natural logarithm of earnings in 1980, ED is

years of schooling completed; EXP is potential labor market

5Ch i s wi c k (1978a) and Fujii and Mak (1983b) find that, when years
since migration is held constant, citizenship has no s~gnificant effect
on earnings. As an exception, however, Fujii and Mak (1983b) finds that
the possession of citizenship is significantly more va~uable to Chinese
and Filipino immigrants relative to Caucasian immigran~s.

6The empirical and theoretical basis of this specification is
discussed in Long (1980).
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experience (age - education - 6); EXPSQ is the square of

EXP; MS=1 if married with spouse present, 0 otherwise;
I,

lnWKS is the natural logarithm of weeks worke4 in 1980;

CTZ=1 if respondent is a u.s. citizen, 0 otherwise; YSM is

years since migration; YSMSQ is the square o~ YSM; LIVCHIL

is number of living children; and CU6 is number of children

under 6. 7

i
consistent with theory and previous empi~ical evidence

I posit:

ag<O,

10.4.1 Empirical Estimates

The empirical analysis is restricted to ~emale Ilocano

immigrants who are aged 20-64, who worked at least one week

in 1980, who were not in school, in the military or retired,

who did not undertake further schooling in th~ u.s. and who

reported earnings in 1980 from wages, salary 9nd self

employment. H

7r do not include a control variable for urban-rur~l place of
residence because all of the respondents from the survey are from the
island of Oahu. '

8The female workers included in the analysis were also divided into
four occupational groupings namely: a. menial, b. blu~ collar (includes
craftsmen and operatives), c. white collar (sales and qlerical), and d.
professional, technical and managerial. The groupings are based on
Schmidt and Strauss (1975) groupings of major two-digit Census
occupational categories.
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Table 10.4 presents the means of the variables included

in the earnings equation. Table 10.4 also gives the means

of other socio-economic characteristics of th~ females

included in the analysis. Table 10.5 presents !the mean

annual earnings in 1980 by occupation.

• I

Table 10.4 reveals that the occupatlonal land schooling
I

attributes of female Ilocano immigrants are very similar to

their male counterparts. Female Ilocano immigrants also

have very low levels of schooling and are employed mostly
I

I

in menial and blue collar occupations in Hawa~i. In

addition, Table 10.4 reveals that a great proportion of
!

female Ilocano immigrants were not working whJn they left

the Philippines for the U.S.

It is seen from Table 10.5 that, on average, female

Ilocano immigrants employed in menial occupat~ons earn more

than female Ilocano immigrants employed in blue collar

occupations.

Earnings equation estimates are displayed in Table

10.6. (Equation 10-1 is the Mincer human capital earnings

function whereas equation 10-2 is the extended human capital

earnings function with controls for earnings power losses

associated with child care. The equations were estimated

with OLS. Both equations passed the F-test at 'the 5% level.

Significant coefficients at the 5% level are indicated with

an asterisk. The F-test, however, did not reject the null
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hypothesis that the coefficients of the additional variables

in 10-2, relative to 10-1, are all equal to z~ro.)
I

The equations in Table 10.6 indicate that female

llocano immigrants experience a moderate increase in

earnings over time in Hawaii. The equations also reveal

that, like their male counterparts, the returns to
!

schooling and pre-migration experience of female llocano

Iimmigrants is also low. This is really expect~d since female

llocano migrants also come from the rural areas in the

llocos provinces of the Philippines.

Again, I have the curious result that citizenship is

valuable to female llocano immigrants.

10.5 Summary and Conclusions

This stUdy has examined the earnings and ,occupational

attainment of llocano immigrants in Hawaii. The main

finding is that the labor market experiences of llocano

immigrants in Hawaii appears to be no different than what

has already been recorded in the literature~ Like the
,

experiences of Filipino immigrants in other s~ates in the

u.s., llocano immigrants in Hawaii are predomInantly

employed in low skill occupations and are not too successful

in translating their schooling and training acquired in the

Philippines into monetary gains.

However, while other studies are not abl~ to find an

adequate explanation for the poor performance ,of Filipinos,
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the results of this study clearly indicate that the poor

performance of Ilocano immigrants in Hawaii i~ mainly due to

the very low transferability of their pre-immigration

skills, which implies that Filipino immigrants' lack of

success in the Hawaii labor market has its roqts in pre-

immigration factors in the Ilocos. Accordingly, this study
I

finds that a great majority of Ilocano immigr~nts have very
i
i

low levels of schooling and were either unemployed or were

employed in low-skill occupations related to farm work in

the Ilocos when they left for the u.s. Given such

background and the fact that education in the Ilocos

provinces is generally of poor quality [see the World Bank

Report (1976)], it is therefore not surprisin~ that Ilocano

immigrants are not too successful in Hawaii. 9
!

9Th i s explanation is consistent with Fujii and Makrs (1981)
conclusion that the low economic progress of immigrant ~ilipino men in
Hawaii can be explained by their low level of educational achievement
which confines a large proportion of the immigrant population in menial
occupations that offer inherently less opportunities for upward economic
mobility.



Table 10.1
Mean Values

Variables

Earnings in 1980
Log of Earnings
Education
Experience (Age-Education-6)
Square of Experience
Married (with spouse present)
Log of Weeks Worked in 1980
Age
Percent Employed in Menial Occupations
Percent Employed in Blue Collar
Percent Employed in White Collar
Percent Employed in Professional,

Technical and Managerial occupations
Percent Who Are U.S. citizens
Years Since Migration
Percent Employed in Menial Occupations in the

Philippines Just Before Leaving for U.S.
Percent Employed in Blue Collar Occupations i~

the Philippines Just Before Leaving for U.S~

Percent Employed in White Collar Occupations ~n
the Philippines Just Before Leaving for U.S~

Percent Employed in Prof/Tech/Managerial Jobs in
the Philippines Just Before Leaving for u.S.

Percent Not Working When Left the
Philippines for the u.S.

n
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Mean

$12,923
9.37
8.83

25.96
872.46

0.86
3.87

40.79
39
52

5

4
31

7.13

8

53

5

4

31
531



Table 10.2
Mean Annual Earnings in 1980 by occupation

occupation

Professional, Technical and Managerial
White Collar
Blue Collar
Menial

Table 10.3
Earnings Equation

303

Mean

$18,733
12,620
14,691

9,942

Variables Coefficient; T-value

Education
EXP (age-education-6)
Square of EXP
MS (1 if married, 0 if not)
CTZ (1 if citizen, 0 if not)
Log of Weeks Worked in 1980
YSM (Years Since Migration)
Square of YSM
Constant
R-squared
F-value
n

0.003401
0.000205

-0.000098
0.134504*
0.134418*
0.997772*
0.053904*

-0.000670*
6.300420*
0.41083

45.49906
531

0.661
0.037

-1. 072
2.504
3.362

10.554
3.327

-2.627



Table 10.4
Mean Values

Variables

Earnings in 1980
Log of Earnings
Education
Experience (Age-Education-6)
Square of Experience
Married (with spouse present)
Log of Weeks Worked in 1980
Age
Number of Living Children
Number of Children Under 6
Percent Employed in Menial Occupations
Percent Employed in Blue Collar
Percent Employed in White Collar
Percent Employed in Professional,

Technical and Managerial occupations
Percent Who Are U.S. citizens
Years Since Migration
Percent Employed in Menial Occupations in the i

Philippines Just Before Leaving for U.S. I

Percent Employed in Blue Collar Occupations i~

the Philippines Just Before Leaving for U.s~

Percent Employed in White Collar Occupations in
the Philippines Just Before Leaving for U.s~

Percent Employed in Prof/Tech/Managerial Jobs in
the Philippines Just Before Leaving for U.S.

Percent Not Working When Left the
Philippines for the U.S.

n
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Mean

8,406
8.95
9.39

23.12
713.27

0.81
3.78

38.50
2.55
0.39

49
32
17

2
37

7.16

6

17

5

6

67
571



Table 10.5
Mean Annual Earnings in 1980 by occupation

I

occupation

Professional, Technical and Managerial
White Collar
Blue Collar
Menial

305

Mean

14,544
9,158
7,791
8,282

Table 10.6
Earnings Equations

i
(10-1) ~10-2)

Variables Coefficient T Coefflicient T
Education

I

0.02283* (5.00 ) 0.02179* (4.71)
I

EXP (Age-Education-6) 0.01012* (2.25) 0.q1272* (2.35)
EXPSQ (Square of EXP) -0.00013* (-2.46) -0.qOO08* (-2.51)
MS (1 if married, -0.01977 (-0.52) -0.Q2996 (-0.51)

0 if not)
CTZ (1 if citizen, 0.07129* (2.14 ) 0.07423* (2.22)

0 if not)
Log of Weeks Worked 0.87757* (16.10) 0.87931* (16.09)

in 1980
YSM (Years Since 0.01770* (2.54) 0.q1338* (2.30)

Migration)
Square of YSM -0.00046* (1.89) -0.00037* (1.77)

I

MS*EXP 0.q0519 (0.56 )
MS*EXPSQ -0.qOO13 (-0.73)
No. of living 0.01679 (2.10)

children
No. of children -0.03509 (-1.43)

under 6
Constant 5.97169* 6.01159*
R-squared 0.4341 0.~404
F-value 53.89 36.60
n 571 571
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CHAPTER 11

THE EARNINGS AND OCCUPATIONAL ATTAINMENT

OF NATIVE-BORN HAWAII WOMEN

11.1 Introduction

This study presents an empirical analysis of the

earnings and occupational attainment of native-born Asian

women in Hawaii using data from the Public Use Microdata

Samples for Hawaii of the 1980 U.S. Census.

Fujii and Mak (1983) enumerated several reasons why

Hawaii is a particularly interesting society in which to

analyze the income profiles of different ethnic groups.

Among others, Fujii and Mak wrote that: (1) Hawaii's

population is diverse and no ethnic group enjoys a numerical

majority; (2) Hawaii's population is disproportionately

composed of Asians relative to other U.S. States; (3)

Hawaii's single labor market is appropriate for studying the

income profiles of different ethnic groups;! and (4)

Hawaii's population contains large immigrant groups from

many areas. These reasons make Hawaii an ideal place to

study the work lives of Asian-American women.

IHanushek (1981) argues that use of pooled data from heterogenous
labor markets (i.e., national data) may produce misleading results in
view of his finding that level and shape of income profiles differ
significantly across local labor markets.
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11.2 Description of the Data

The data for this study comes from the 1980 Public Use

Microdata Samples for Hawaii (PUMS).2 The population under

study were restricted to females in the sample who belong to

the following ethnic groups: whites, Japanese, Chinese,

Filipinos, Koreans, portuguese and Hawaiians and who were

aged 20-64, who worked at least one week in 1979, who were

not in school, in the military or retired and who reported

earnings in 1979 from wages, salary and self-employment.

The native-born are defined as those born in the state of

Hawaii. 3

11.3 The Earnings of Hawaii-born Females

The labor market experience of Asian-Americans have

been the focus of much research in recent years. 4 The

results of this research seem to indicate that although some

Asian Americans are better educated and better paid than are

many other American minorities, there still may be a

substantial difference between their relatively high

educational levels and their equivalent occupations or

2The PUMS A (5% random sample) and PUMS B (1% random sample) were
combined to produce more cases for the study. Duplicates were identified
and excluded from the analyses.

3The female workers in the sample were divided into four
occupational groupings namely: (a) menial, (b) blue collar [includes
craftsmen and operatives), (c) white collar [sales and clerical), and
(d) professional, technical and managerial. The groupings are based on
Schmidt and strauss (1975) groupings of major two-digit Census
occupational categories.

4s e e , for example, Barringer et al. (1990), Wong (1982), Hirschman
and Wong (1981, 1984, 1986), Kan and Liu (1986), Gardner et al. (1985),
Chiswick (1983) and Fujii and Mak (1983b).
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incomes. The results also indicate that compared to Whites,

most Asian Americans seem to be overeducated for the

occupations they hold (Barringer et al. 1990). In this brief

study, I continue to explore the Asian-American experience

by analyzing the earnings profiles of Hawaii-born Filipino,

Japanese, Korean and Chinese women relative to the earnings

profiles of Hawaii-born Caucasian, Portuguese and Hawaiian

women, using data from the 1980 U.S. Census of Population. s

11.3.1 Mean Values

The mean values in Table 11.1 indicate that

Filipinos, Hawaiians and Portuguese have average earnings

levels that are lower than the other ethnic groups. The

lower earnings of these groups, however, may be explained in

part because they have less education and are less likely to

live on urban Oahu.

What is far more striking, however, are the differences

among the three Asian groups and the caucasians. The

Japanese earned about $10,600, the Koreans about $10,600,

and the Chinese about $11,500, exceeding the earnings of

whites. Only the Filipinos at $8,500 earned less than

whites. The table indicates also that the schooling levels

of the Chinese and the Japanese exceed the schooling levels

5portuguese immigrants were recruited to work in the sugar
plantations in the late 19th and early 20th centuries to serve as
buffers between the Asian laborers and the ruling Whites. Portuguese
workers were not considered Whites although they were more priveleged
relative to the Asians (FUchs 1961).



309

of the whites, the Koreans and the Filipinos. Similarly, the

Chinese and the Japanese worked more weeks per year and more

hours per week than the whites, the Koreans and the

Filipinos. These results are surprising because they are

strikingly similar to Chiswick's (1983) results for Asian

American men from 1970 Census data.

The lower earnings of Hawaiian and Filipino women are

not surprising because these results have been documented

for Hawaiian and Filipino men in past research. Lind (1980)

attributes the relative lack of economic success of native

Hawaiians to cultural factors. On the other hand, Fujii and

Mak (1985) suggest that the late arrival of Filipinos in

Hawaii may have resulted in their having accumulated a

smaller stock of capital than groups arriving earlier.

11.3.2 The Specification

To examine the determinants of earnings of Hawaii-born

females, 1 use the two specifications that I derived earlier

in chapter 8 from Long's (1980) specifications:

(11-1) In Y = (30 + (3tEO + (32EXP + (33EXPSQ + (3401S + (3,NI

+ (361nWEEKS + (371nHoURS + (3gMS + u

(11-2) In Y = (30 + (3t EO + (32EXP + (33EXP8Q + (340 1 8 + (35N1 +

+ (361nWEEKS + (371nHOURS + (3gMS + (39MS*EXP + (3 lOMS*EXPSQ

+ (3I1K1DS + (312CU6 + (313C6-18 + (314NLF75 + u



310

where In Y is natural logarithm of earnings in 1979, lnHOURS

is the natural logarithm of usual hours worked per week in

1979; InWEEKS is the log of weeks worked in 1979; EXP is

potential labor market experience (age - education - 6);

DIS=l if person has a health condition which limits the

amount or kind of work she can do, 0 otherwise;6 NLF75=1 if

individual was not working in 1975, 0 otherwise; KIDS is

number of children ever born; CU6 is number of children

under 6 living in the household; and C6-18 is number of

children between 6 and 18 living in the household. [The

variable definitions are summarized in Table 11.2].

Consistent with theory and previous empirical evidence

I posit the following for the equation in (11-2):

11.3.3 Empirical Results

I estimated the equations in (11-1) and (11-2) for each

ethnic group. I also estimated the two equations for a

pooled sample of all the native-born with dummies for the

non-Caucasian groups.? The results are displayed in Table

6Th e actual disability question asks whether person had a physical,
mental or other health condition which has lasted for 6 or more months
and which limits the kind or amount of work which person can do at a
job.

7Th e ethnic dummies are: JPN for Japanese, CHN for Chinese, PORT
for Portuguese, HAW for Hawaiians, FIL for Filipinos, KOR for Koreans,
and WHT for Caucasians.
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11.3. (All the equations were estimated with OLS and tests

at the 5% level were employed).

The widely differing results for the DIS variable may

be due to the relatively small number of female respondents

who reported having a "health disability". For instance,

Table 11.1 reveals that only lout of the sample of 78

Koreans reported having a "health disability" while for

Filipino females, there were only 11 out of a total sample

of 570 who reported having a "health disability".

Chow tests indicate that the returns to schooling for

Whites is significantly lower compared to the other groups.

This result is interesting because this result suggest two

things. First, it could be an indication that ,whites

encounter some form of discrimination in Hawaii schools

where majority of the students are non-Whites. Second, the

result could be supportive of the widely held belief that

Asians do better in schools because of their superior values

and attitude towards education in general. More research is

needed, however, to test the robustness of these

explanations.

Chow tests also indicate that the returns to experience

for Filipinos and Hawaiians are significantly lower compared

to the returns to experience for the other groups. Although

the reasons for this result is not clear they are probably

related to the reasons given earlier as to why the earnings
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of Filipinos and Hawaiians are lower relative to the other

groups.

The pooled regression indicates that, after controlling

for all productivity-related characteristics,Japanese,

Chinese and Korean women earn significantly more than

Caucasian women. However, Hawaiian, Portuguese and Filipino

women do not earn significantly more than Caucasian women.

On the whole, these results are contrary to Fujii and Mak's

(1983b) finding for native-born men in Hawaii (in 1974)

which indicated that Caucasian men earned significantly more

than the men from the other ethnic groups. Perhaps, this

result is an indication that the advantages of being "White"

disappear when the population becomes truly multiethnic.

11.4 The Occupational Attainment of Hawaii-born Females

studies on the labor market experience of racial and

ethnic minorities have become an increasingly important area

of research in labor economics. B Most of the past studies

dealing with this topic have focused on ethnic and wage

differentials but recently, attention has shifted to

studying racial and ethnic differences in occupational

attainment. 9 Researchers have concluded that this latter

work is also important since a large part of earnings

8s e e , for example, Chiswick (1992a, 1983, 1980), Fujii and Mak
(1983b, 1985), Borjas (1982), and Stewart and Hyclak (1984).

9Se e , for example, Gabriel et al. (1991), Lewis (1991), Gill
(1989), Filer (1986), and Schmidt and strauss (1975).
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differentials can be attributed to differences in

occupations. However, much of the research conducted in this

area has been devoted to studying the differences in

occupational attainment of ethnic and racial minorities

across different labor markets. In this exploratory study,

I extend this particular research by focusing on the

occupational attainment of female ethnic groups in Hawaii.

This undertaking is important in view of Fujii and Mak's

(1983b) finding that the economic progress of ,specific

ethnic groups in the u.s. probably vary considerably across

local/regional labor markets. Thus, Fujii and Mak's finding

suggests the need for more analyses at the sub-national

level.

11.4.1 objectives and Methods

The analysis has three objectives. First, it attempts

to determine if earnings differences within occupations

exists between female ethnic minorities in Hawaii. Its

second objective is to provide a measure of the effects of

productivity-related and personal characteristics on the

relative occupational attainment of these ethnic groups.lO

And third, it aims to determine whether non-white ethnic

w"occupational attainment" as used in this study follows that of
Brown et al.'s (1980a) definition that "the term occupational attainment
(is used) to mean only the net effect of all the forces and processes
that determine the occupation of a particular individual."
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minorities face different prospects for occupational

attainment than do whites.

To attain the first objective, I divide the females in

the sample into four broad occupational groupings: (a)

menial, (b) blue collar [includes craftsmen and operatives],

(c) white collar [sales and clerical], and (d)

professional, technical and managerial. I then estimate the

two earnings equations given in (11-1) and (11-2) above in

each of the occupational grouping.

To attain the second and third objectives, I use a

qualitative response model. ll Specifically, I fit a

multinomial logit model to the native-born sample.

The assumptions underlying the use of the multinomial

logit model are as follows. Suppose that a set of J possible

alternatives exist with no particular ordering. Suppose

further that:

Yij = 1 if the ith individual chooses alternative j

(j=l. .. J) ,

o otherwise.

Let Pij = P(Yij=l). Then the multinomial logit model is simply

log [Pi/PiJ] = {3j'Xj , for i=l, ... N and j=l, ... J-l,

P il + P i2 + ... + PiJ = 1.

II Some of the studies that have used a qualitative response model to
study occupational attainment include Gabriel et al. (1991), Schmidt
and Strauss (1975), Brown et al. (198Gb), Polachek (1981) and Miller and
Volker (1975). In addition, Amemiya (1981) provides a list of the uses
and applications of qualitative response models in economic research.
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By setting ~J=O, the multinomial logit model can be written

alternatively as:

P ij = for i=1, ... N and j=1, ...J.

The parameters of the multinomial logit model can be

estimated by the maximum likelihood method based on the

following log-likelihood function:

Accordingly, the response categories for the

multinomial logit model are the set of occupational

categories which I defined above. I number the occupational

categories as follows: 1 is for menial; 2 is for blue

collar; 3 is for white collar; and 4 is for professional,

technical and managerial. Furthermore, I make the assumption

th2t worker characteristics that influence earnings also

influence occupational attainment. 12 Thus, I take the set

of explanatory variables in equation (11-2) as the

explanatory variables for the logistic model.

11.4.2 Mean Values

The mean values in Table 11.4 show that a large

percentage of Japanese and Chinese women are employed in

J2Th e use of this assumption is discussed in the works of Polachek
(1981), Mincer (1974), Becker (1975), Brown et al. (198Gb) and Gill
(1989) •
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professional, managerial, technical and white collar jobs

while a good number of Filipino and Hawaiian women are in

menial and blue collar occupations. Table 11.5 also reveals

that Japanese and Chinese women employed in professional,

technical and managerial jobs earn a lot more than Koreans,

Filipinos, Hawaiians and Portuguese that are employed in the

same occupations. These results indicate that one reason

why Japanese and Koreans earn more than the o~her groups is

because of their concentration in the high paying and high

status occupations. On the other hand, Filipinos and

Hawaiians earn less because of their concentration in

occupations that are both low paying and of low status.

Table 11.6 displays the mean characteristics by

occupation for the native-born. It shows that native-born

women in blue collar and menial jobs, on the average, have

less earnings, less education, are more likely to live in

the Neighbor Islands, and have more work experience than

native-born women employed in white collar and

professional, technical and managerial jobs. Table 11.6

also reveals that women in menial occupations have more

education on the average than women in blue collar

occupations.

11.4.3 Empirical Results

Earnings Eguations

Table 11.7 displays the estimates of the earnings

equation for each occupational category.
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The wide differences in the estimates of the

coefficient of the DIS variable in the equations in Table

11.7 may again be due to the relatively small number of

females who reported having a "health disability". For

instance, for the blue collar category, Table 11.6 shows

that only 7 out of the total sample of 467 have a "health

disability".

The effect of schooling on earnings is higher for

professional, technical and managerial occupations (about

8%) compared to the other occupational categories (about

4%). The effect of labor market experience on earnings also

differs by type of occupation. When evaluated at ten years

of experience, an extra year of experience raises the

earnings of women in professional, technical and managerial

occupations by 3.7%, women in white collar occupations by

2.6%, women in blue collar occupations by 0.9% and women in

menial occupations by 0%. The very low returns to experience

in blue collar and menial occupations is very likely due to

the fact that these occupations do not require much

additional skills beyond what is necessary to adequately do

the tasks that are required in these occupations.

The estimates in Table 11.7 indicate that within

professional, technical and managerial occupations, Japanese

and Chinese women earn significantly more than white women.

Similarly, within white collar occupations, Japanese,

Chinese and Korean women earn significantly more than white
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women. The reasons for the superior performance of the

Japanese, Chinese and Koreans in these occupations are not

clear but they are still interesting because they are

similar to Chiswick's (1983) results for Asian-American men

from 1970 Census data. In that same study Chiswick suggests

that the superior performance of the Chinese and Japanese

may be explained by the "quantity-quality trade-off" for

children--that the Chinese and Japanese sharply reduced

their fertility and may have invested more parental time and

other resources in their children.

Multinomial Logit Model Results

Table 11.8 displays the results of fitting a

multinomial logit model to the native-born sample.

The negative value of the parameter estimates of the ED

and EXP variables demonstrate that more educqtion and more

experience make it more likely for native-born females to be

in the higher-numbered occupations. The significant

negative estimate for the MS variable in column 1 indicate

that married women are more likely to be in professional,

technical and managerial occupations than in menial

occupations. The positive coefficients for the NLF75

variable indicate that women who were not in the labor force

in 1975 are less likely to be in professional, technical and

managerial occupations relative to the other occupations.
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The ethnic dummies indicate that ethnicity is not a

factor in the occupational attainment of native-born

Hawaiian women.

Furthermore, the positive coefficient for the KIDS

variable in column 1 indicate that women with more "number

of children ever born" are more likely to be in menial

occupations than in professional, technical a~d managerial

occupations. However, the significant but negative

coefficients for the CU6 variable in columns 1 and 3 are

interesting but intuitively contradictory at the same time

because they mean that women who have more children under

six are more likely to be in professional, technical and

managerial occupations than in white collar and menial

occupations. Nonetheless, the results relating to the CU6

and MS variables may be an indication of changing times,

that women are postponing having children or marrying late

and pursuing their careers first and only having children

when they are high up in the career ladder already. The

results for the KIDS variable is consistent with the above

explanation because usually those women who have more "KIDS"

are those of the earlier generation where women had higher

fertility and who were kept out of the labor force for

longer periods because of the necessities of child care and

house work. 13

13These results are consistent with the findings in chapter 8 of
this dissertation.
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11.5 Summary and Conclusions

This study has examined the determinants of earnings

and occupational attainment of Hawaii-born women. Many of

the results of the analysis are strikingly similar to

Chiswick's (1983) results for Asian-American men from 1970

Census data. The earnings equations indicate that, holding

other things constant, Japanese, Chinese and Korean women

earn significantly more than caucasian, Hawaiian, Portuguese

and Filipino women. However, the multinomial logit analysis

indicate that race is not a factor in the occupational

outcomes of Hawaii-born women.
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TABLE 11.1
Mean Characteristics of the Females

in the Sample by Ethnic Grouping

portuguese Hawaiians Whites
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Japanese

Earnings in 1979
Log of Earnings
Education
Experience
Square of Experience
Married (%)
% living in Neigh

bor Islands
Weeks Worked in '79
Log of Weeks

Worked in 1979
Hours/Week in 1979
Log of Hours Worked

per Week in 1979
% w/ Health

Disability
% who speak English

Very Well
% w/ English Well
% w/ English Poor
% in Menial Jobs
% in Blue Collar Jobs
% in White Collar

Jobs
% in Professional

Jobs
% Self-employed
% Wage/Salary

Workers
% in Government
% in Private

AGE
Number of children

ever born
Number of children

under 6
Number of children

between 6 & 18
% not working in

1975
n

8,587
8.74

12.13
18.80

511. 91
65.20
37.16

44.43
3.71

36.11
3.52

5.74

99.66

0.34
0.00

22.63
8.45

48.99

19.93

3.04
96.96

16.22
80.74
36.92
2.21

0.33

1. 00

22.97

296

8,567
8.74

12.33
18.18

480.72
56.40
30.79

44.73
3.72

36.56
3.53

1.98

98.30

1.41
0.28

30.98
9.51

38.42

21. 09

2.82
97.17

24.01
73.16
36.51

2.50

0.37

1. 25

26.65

1062

9,171
8.78

13.02
16.45

417.31
51. 51
25.34

45.59
3.74

36.71
3.55

3.03

99.17

0 •. 83
0.00

19.83
6.61

48.48

25.07

5.23
94.76

17.08
77.69
35.47
1. 76

0.27

0.74

27.82

363

10,638
9.04

13.21
21.17

657.56
65.77
18.62

47.97
3.83

37.03
3.56

1. 78

90.42

7.33
2.24

14.50
7.92

49.42

28.16

4.38
95.62

31. 73
63.89
40.39

1. 61

0.19

0.59

15.54

3082



322

Table 11.1 (Continued) Mean Characteristics of the Females
in the Sample by Ethnic Grouping

Variables

Earnings in 1979
Log of Earnings
Education
Experience
Square of Experience
Married (%)
% living in Neighbor Is.
Weeks Worked in 1979
Log of Weeks Worked

in 1979
Hours per Week in 1979
Log of Hours Worked

per Week in 1979
% w/ Health Disability
% who Speak English

Very Well
% w/ English Well
% w/ English Poor
% in Menial Jobs
% in Blue Collar Jobs
% in White Collar Jobs
% in Professional Jobs
% Self-employed
% Wage/Salary Workers

% in Government
% in Private

AGE
Number of children

ever born
Number of children

under 6
Number of children

between 6 & 18
% not working in 1975
n

Filipinos

8,503
8.81

12.16
17.23

445.67
67.37
30.88
46.23

3.76

36.77
3.56

1. 93
92.46

6.14
1. 40

25.26
9.47

45.44
19.82

2.81
97.19
21. 23
75.96
35.43

2.42

0.48

1. 24

25.96
570

Chinese

11,485
9.10

13.83
19.35

560.70
62.24

5.71
46.79
3.79

36.92
3.55

3.06
94.69

4.08
1. 22

11. 22
3.06

49.18
36.53
3.47

96.53
36.94
59.59
39.19

1. 65

0.24

0.66

16.94
490

Koreans

10,597
8.83

13.00
23.41

755.36
61.54

5.13
42.55

3.57

35.73
3.49

1.28
97.43

1.28
1.28

19.23
5.13

52.56
23.08

1.28
98.72
37.18
61.54
42.41

2.37

0.15

0.85

24.36
78



variables

ln Y

ED

EXP

EXPSQ

MS

LNWKS

KIDS

CU6

C6-18

lnHOURS

DIS

NLF75

JPN

CHN

FIL

KOR

HAW

PORT

WHT
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Table 11.2
Definitions of Variables

Definitions

Natural logarithm of annual earnings in
1979

Years of schooling completed

Age - education - 6

Square of EXP

=1 if married with spouse present, 0
otherwise

Natural logarithm of weeks worked in 1979

Number of children ever born

Number of children under 6 living in the
household

Number of children between 6 and 18
living in the household

Natural logarithm of hours worked per
week in 1979

=1 if person has a health condition which
limits the amount or kind of work she
can do, 0 otherwise

=1 if individual was not working in 1975,
o otherwise

=1 if person is of Japanese ethnicity, 0
otherwise

=1 if person is of Chinese ethnicity, 0
otherwise

=1 if person is of Filipino ethnicity, 0
otherwise

=1 if person is of Korean ethnicity, 0
otherwise

=1 if person is of Hawaiian ethnicity, 0
otherwise

=1 if person is of Portuguese ethnicity,
o otherwise
=1 if person is of Caucasian ethnicity, 0

otherwise
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Table 11. 3
Earnings Equations for the Native-born

Whites Japanese Chinese

ED (Edu- 0.04343* 0.03137* 0.09303* 0.08916* 0.;07721* 0.07362*
cation) (2.30 ) (1. 65) (18.91) (18.13) (i6.67) (6.42)

EXP (Exp- 0.04552* 0.05162* 0.03252* 0.03996* 0 •.05950* 0.07863*
erience) (3.60) (2.94) (11.19) (8.86) (7.29) (6.66)

EXPSQ -0.00093* -0.00082* -0.00044* -0.00055* -0.00104* -0.00135*
(-3.26) (-2.17) (-7.05) (-5.50) (-5.68) (-4.97)

DIS (Dis- -0.43265* -0.45086* -0.26157* -0.27359* -0.14495 -0.17619
ability) (-1.71) (-1.81) (-3.44) (-3.66) (-0.92) (-1.13)

NI (Neig- -0.12035 -0.09264 -0.08307* -0.07411* -0.01710 0.01171
bar Is.) (-1.23) (-0.96) (-3.23) (-2.91) (-0.15) (0.10)

In WKS 0.90095* 0.83798* 1.08677* 1.03942* 0.87878* 0.89442*
(9.85) (8.94) (35.11) (33.65) (11.87) (12.18)

In HOURS 0.74576* 0.69664* 0.69287* 0.65208* 0.69177* 0.64510*
(6.12) (5.81) (25.55) (24.11) (9.22) (8.38)

MS(Mari- -0.06762 0.16767 0.04790* 0.21252* ··0.:11692* 0.06605
tal St. ) (-0.76) (-0.74) (2.04) (3.70) (~2.01) (0.45)

MS*EXP 0.03125 -0.01749* -0.02039
(1. 22) (-2.83) (-1.17)

MS*EXPSQ -0.00096 0.00029* 0.00046
(-1.64) (2.29) (1. 20)

KIDS -0.08986* -0.03162* -0.08964*
(-2.72) (-3.42) (-3.60)

CU6 0.00845 0.06862 0.10136
(0.10) (2.94) (1.78)

C6-18 -0.02657 0.00156 0.02771
(-0.53) (0.11) (0.81)

NLF75 -0.25407* -0.21971* -0.06074
(-2.50) (-7.20) (-0.77)

CONSTANT 1.91160* 2.56163* 0.77008* 1.15686* 1. 75207* 1. 80733*
R" 0.4134 0.4499 0.5077 0.5252 0.5134 0.5333
F 31.19 20.33 396.23 242.29 63.45 38.77
n 363 363 3082 3082 490 490
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Table 11. 3 (Continued) Earnings Equations for the Native-born

Koreans Filipinos Portuguese

ED (Edu- 0.06555* 0.04254 0.06090* 0.05358* 0.09587* 0.08609*
cation) (1. 68) (1. 01) (5.58) (4.82) (4.80) (4.16)

EXP (Exp- 0.03652 0.07562* 0.01580* 0.01858* 0.03803* 0.05873*
erience) (1. 55) (2.04) (2.25) (1. 75) (3.66) (3.57)

EXPSQ -0.00083 -0.00151* -0.00028 -0.00018 -0.00056* -0.00101*
(-1.61) (-1.91) (-0.76) (-0.72) (-2.49) (-2.82)

DIS (Dis- -1.43527* -1.47315* -0.26008 -0.27669 0.02539 0.01059
ability) (-1.80) (-1.91) (-1.54) (-1. 64) (0.16) (0.07)

NI(Neigh- 0.22839 0.09517 -0.06247 -0.04104 -0.12852* -0.12801*
bor Is.) (0.58) (0.24) (-1.25) (-0.82) (-1.69) (-1. 71)

ln WKS 0.84606* 0.89316* 0.92541* 0.89937* 1.01059* 0.96509*
(6.89) (7.58) (19.75) (19.14) (13.04) (12.22)

ln HOURS 0.85087* 0.82364* 0.68209* 0.64656* 0.49932* 0.47928*
(4.62) (4.49) (9.86) (9.37) (5.67) (5.48)

MS(Mari- 0.19685 0.88902 0.01637 0.04961 -0.10272 0.01598
tal St.) (1. 09) (1. 95) (0.31) (0.41) (-1.29) (0.08)

MS*EXP -0.07773 -0.00283 -0.01478
(-1.59) (-0.20) (-0.68)

MS*EXPSQ 0.00152 0.00005 0.00035
(1. 48) (0.17) (0.76)

KIDS -0.10168* -0.02384 -0.04491*
(-2.15) (-1.43) (-1.68)

CU6 0.03336 -0.00342 0.10520
(0.18) (-0.11) (1. 60)

C6-18 0.09815 -0.01050 -0.04259
(1.21) (-0.50) (-1.28)

NLF75 -0.54205* -0.19701* -0.20310*
(-3.03) (-3.46) (-2.14)

CONSTANT 1.64026* 1. 79723* 1. 96475* 2.36773* 1. 75343* 2.09320*
R~ 0.7428 0.7954 0.5505 0.5650 0.5397 0.5666
F 24.91 17.49 85.87 51. 50 42.09 26.24
n 78 78 570 570 296 296
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Table 11.3 (Continued) Earnings Equations for the Native-born

Hawaiians Pooled Sample

ED (Edu- 0.07160* 0.06139* 0.07969* 0.07437*
cation) (7.12 ) (5.53) (21.42) (19.96)

EXP (Exp- 0.02345* 0.02103* 0.03365* 0.04066*
erience) (4.04) (2.51) (14.94) (12.00)

EXPSQ -0.00028* -0.00020 -0.00050* -0.00060*
(-2.16) (-1.01) (-10.12) (-7.93)

DIS(Disa- 0.18965 0.17106 -0.17420* -0.18994*
bility) (1. 40) (1. 28) (-3.30) (-3.65)

NI(Neigh- -0.03607 -0.02590 -0.06988* -0.05869*
bor Is.) (-0.89) (-0.64) (-3.69) (-3.14)

In WKS 1.10995* 1. 08136* 1.02291* 0.99130*
(29.22) (28.55) (54.17) (52.74)

In HOURS 0.73534* 0.70938* 0.69062* 0.65349*
(16.39 (15.93) (33.85) (32.21)

MS(Mari- -0.00470 -0.09296 0.00995 0.11923*
tal St.) (-0.12) (-0.87) (0.57) (2.79)

MS*EXP 0.01710 -0.00956*
(1.45) (-2.06)

MS*EXPSQ -0.00040 0.00015
(-1. 51) (1.56)

KIDS -0.02831* -0.03817*
(-2.21) (-6.29)

CU6 0.01017 0.04372*
(0.33) (2.92)

C6-18 -0.03649* -0.01078
(-2.14) (-1.26)

NLF75 -0.19474* -0.20827*
(-4.28) (-9.88)

JPN (Ja- 0.10263* 0.07520*
panese) (3.09) (2.29)

CHN (Chi- 0.15929* 0.13706*
nese) (3.85) (3.36)

KOR (Kor- 0.17882* 0.19056*
ean) (2.41) (2.61)

FIL (Fi- 0.06825 0.07935*
lipino) (1. 71) (2.01)

PORT(Por- 0.06149 0.05520
tuguese} (1. 32) (1.21)

HAW (Haw- 0.03064 0.04904*
aiians) (0.85) (2.61)

CONSTANT 0.85672* 1.32072* 1.13380* 1.49844*
R~ 0.6087 0.6226 0.5384 0.5537
F 204.76 123.40 493.69 367.24
n 1062 1062 5941 5941



327

TABLE 11.4
Occupational Distribution by Ethnicity: Actual Percentage Distributions

occupation Whites Japanese Chinese Koreans

Professional, technical 25.07 28.16 36.53 23.08
managerial

White collar 48.48 49.42 49.18 52.56
Blue collar 6.61 7.92 3.:06 5.13
Menial 19.83 14.50 11.:22 19.23

100.00 100.00 100.00 100.00

Occupation Filipinos Portuguese Hawaiians Pooled

Professional, technical 19.82 19.93 21.09 26.12
managerial

White collar 45.44 48.99 38.42 47.01
Blue collar 9.47 8.45 9.51 7.87
Menial 25.26 22.64 30.98 19.00

100.00 100.00 100.00 100.00

TABLE 11.5
Annual Earnings by Occupation and Ethnicity

Occupation Whites Japanese Chinese Koreans

Professional, technical 10,856 14,486 14,093 12,157
managerial

White collar 9,391 9,742 10,457 11,328
Blue collar 8,900 8,266 12,707 11,015
Menial 6,595 7,514 7,169 6,616

occupation Filipinos Portuguese Hawaiians All

Professional, technical 11,304 11,482 11,172 13,377
managerial

White collar 8,240 8,421 8,954 9,482
Blue collar 7,023 8,089 7,806 8,212
Menial 7,334 6,582 6,545 7,066
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TABLE 11. 6
Mean characteristics by occupation for the Native-born

Earnings
Education
Experience
Married, spouse present (%)
% living in Neighbor Islds.
Log of Weeks Worked
Log of Hours Worked per Week
% w/ Health Disability
AGE
No. of children ever born
No. of children under 6
Children between 6 and 18
% not working in 1975
n

Menial

7,066
11. 37
23.98
61.12
31. 36
3.72
3.46
3.72

41. 35
2.64
0.25
0.99

25.07
1129

Blue
Collar

8,212
10.95
28.19
67.45
28.48
3.76
3.52
1. 50

45.13
2.57
0.26
0.77

19.49
467

White
Cqllar

9,482
]2.87
17.88
61. 55
17.40
3.80
3.57
2.11

36.75
1.62
0.26
0.78

21.02
2793

Prof/Tech
Managerial

13,377
14.79
17.45
65.66
21. 78

3.82
3.58
1.48

38.24
1.65
0.29
0.75

14.17
1552
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TABLE 11. 7
Earnings Equation by Occupation

Professional, Technical, Managerial White collar

ED (Educa- 0.07914* 0.07653* 0.03672* 0.03296*
tion) (11.68) (11.13) (6.11) (5.52)

EXP (Exper- 0.05556* 0.05848* 0.03707* 0.04326*
ience) (11.37) (7.76) (12.74), (9.64)

EXPSQ -0.00099* -0.00104* -0.00Q60* -0.00073*
(-8.62) (-5.63) (-9.22) (-6.85)

DIS (Disa- -0.28981* -0.29170* -0.16184* -0.16832*
bility) (-2.30) (-2.33) (-2.46) (-2.60)

NI (Neigh- -0.03340 -0.02449 -0.07622* -0.06653*
bor Is.) (-0.89) (-0.66) (-3.04) (-2.69)

In WKS 1.04713* 1. 02151* 1.00827* 0.98164*
(22.64) (22.04) (43.0~) (42.12)

In HOURS 0.44075* 0.42282 0.78~06* 0.74170*
(10.91) (10.44) (27.37;) (25.98)

MS (Marital 0.02225 0.07633 0.00011 0.10245*
Status) (0.66) (0.89) (0.01) (1. 97)

MS*EXP -0.00770 -0.00958
(-0.76) (-1.56)

MS*EXPSQ 0.00021 0.00017
(0.86) (1.21)

KIDS -0.03731* -0.02522*
(-2.58) (-2.99)

CU6 0.05254 0.00855
(1.84) (0.44)

C6-18 0.01141 -0.02207*
(0.58) (-2.03)

NLF75 -0.19381* -0.18284*
(-4.09) (-7.21)

JPN (Japa- 0.28363* 0.26440* 0.08269* 0.06266
nese) (4.30) (4.02) (2.09) (1. 60)

CHN (Chi- 0.29952* 0.28717* 0.111:03* 0.09428
nese) (3.87) (3.73) (2.25) (1. 94)

KOR (Korean) 0.09415 0.10166 0.39234* 0.40749*
(0.61) (0.66) (4.56) (4.81)

FIL (Fili- 0.17296* 0.16176 0.04441 0.05694
pino) (2.06) (1. 93) (0.92) (1.19 )

PORT (Por- 0.15435 0.14239 0.07502 0.08243
tuguese) (1. 55) (1.44) (1.35) (1. 51)

HAW (Hawa- 0.10598 0.11943 0.04384 0.06083
iians) (1. 43) (1. 62) (0.98) (1. 38)

CONSTANT 1. 77584* 2.01566* 1.409.97* 1. 75925*
R2 0.4775 0.4873 0.5997 0.6141
F 100.33 72.76 297.28 220.53
n 1552 1552 2793 2793
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Table 11.7 (Continued) Earnings Equation by Occupation

Blue collar Menial

ED (Educa- 0.03823* 0.03695* 0.04451* 0.03911*
tion) (3.87) (2.29) (4.18) (3.60 )

EXP (Exper- 0.00959 0.02110 0.00211 0.01041
ience) (1. 00) (1.43) (0.38): ( 1. 28)

EXPSQ -0.00004 -0.00019 0.00012 -0.00009
(-0.22) (-0.65) (1.03) (-0.59)

DIS (Disabi- -0.76784* -0.79064* -0.05624 -0.08548
lity) (-2.95) (-3.03) (-0.54) (-0.82)

NI (Neighbor -0.25493* -0.25015* 0.00422 0.01134
Islands) (-3.57) (-3.50) (0.10) (0.27)

In WKS 1.15069* 1.11668* 0.95520* 0.92392*
(14.90) (14.27) (24.50) (23.71)

In HOURS 0.55405* 0.53010 0.74211* 0.71047*
(7.04) (6.69) (17.61) (16.90)

MS (Marital -0.00254 0.17289 -0.06576 -0.03751
Status) (-0.03) (0.80) (-1. 51) (-0.31)

MS*EXP -0.00974 -0.00626
(-0.49) (-0.54)

MS*EXPSQ 0.00011 0.00017
(0.30) (0.76)

KIDS -0.04405* -0.02018
(-2.18) (-1.63)

CU6 0.03286 0.01510
(0.54) (0.40)

C6-18 -0.03217 -0.03779*
(-0.93) (-2.02)

NLF75 -0.13251 -0.21890*
(-1.52) (-4.44)

JPN (Japanese) 0.05673 -0.00451 -0.06888 -0.09972
(0.38) (-0.03) (-0.81) (-1.19)

CHN (Chinese) 0.55232* 0.52086* -0.05433 -0.09285
(2.45) (2.31) (-0.4~) (-0.79)

KOR (Korean) 0.05731 0.01228 -0.27208 -0.25472
(0.15) (0.03) (-1.47) (-1.39)

FIL (Filipino) 0.08192 0.07589 0.06039 0.09521
(0.48) (0.44) (0.63) (1.01)

PORT (Portu- 0.49681* 0.46128* -0.19527 -0.20900
guese) (2.52) (2.32) (-1.75) (-1.89)

HAW (Hawaii- 0.16579 0.17131 -0.03886 -0.01916
ans) (1. 07 ) ( 1.11) (-0.46) (-0.23)

CONSTANT 1.74933* 1.99080* 1.87219* 2.26894*
R2 0.4540 0.4682 0.5300 0.5456
F 26.84 19.63 89.7.2 66.52
n 467 467 1129 1129
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Table 11.8
Multinomial Logit Results for the Native-Born

In [PI/P4] In [P~/P4] In [P3/P4]
( 1) (2 ) (3 )

ED (Education) -0.75091* -0.75773* -0.52357*
(-27.44) (-23.28) (-25.94)

EXP (Experience) -0.02831* -0.00365 -0.03781*
(-5.17) (-0.54) (-8.67)

DIS (Disability) 0.34655 -0.66456 0.14990
(1.10 ) (-1.40) (0.53)

NI (Neighbor Is.) 0.17838 0.03486 -0.39653*
(1.69) (0.26) (-4.44)

MS (Marital Status) -0.40918* -0.24503 -0.04734
(3.91 ) (-1.82) (-0.57)

KIDS 0.15564* 0.06256 -0.02008
(4.35) ( 1.47) (-0.62)

CU6 -0.26208* 0.01099 -0.13733*
(-3.03) (0.10) (-2.03)

C6-18 -0.05837 -0.10135 -0.01479
(-1.23) (-1.63) (-0.36)

NLF75 0.66130* 0.62474* 0.27686*
(5.51) (3.94) (2.80)

HAW (Hawaiians) 0.19097 0.09577 -0.33715
(0.92) (0.34) (-1.95)

PORT (Portuguese) -0.15845 -0.11115 -0.04061
(-0.59) (-0.31) (-0.18)

JPN (Japanese) -0.08285 0.12183 0.17136
(-0.42) (0.46) (1.11)

CHN (Chinese) -0.37691 -0.78558* -0.02183
(-1.50) (-2.09) (-0.12)

KOR (Korean) 0.24803 -0.21518 0.40812
(0.56) (-0.33) (1.17)

FIL (Filipino) 0.07730 0.13196 -0.07885
(0.33) (0.43) (-0.41)

CONSTANT 9.94055* 8.61335* 8.56276*
CHI-SQUARE = 2235.89 WITH 45 OF (P=O.OOOl)

Notes: T-values in parentheses. [*l indicates signific~nce at the 5
percent level. Estimates of In(PI/P~)' In(P1/P3 ) and In(P~/P3) may
be obtained from the above table by noting that In (PI/P~)=In (P1/P4)
-In(P2/P4), In(PdP3)=ln(PdP4)-ln(P3/P4) and In(P~/P3)=ln(P~/P4)

In(P3/P4)·
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CHAPTER 12

AN EMPIRICAL ANALYSIS OF THE OCCUPATIONAL

ATTAINMENT OF FEMALE IMMIGRANTS IN HAWAII

12.1 Introduction

Prior research has found that the occupational

attainment of immigrant women exhibit a "double

disadvantageous" status. That is, the occupational status of

immigrant women is lower than that of immigrant men and

native-born women of the same ethnicity (Boyd 1984, Sullivan

1984 and Tienda 1984). Furthermore, the results of previous

studies indicate that the degree of discrepancy vary by

ethnicity and is least for Caucasians and immigrant women

from developed countries.

Two main hypotheses have been offered to explain the

occupational outcomes of immigrant women. The first-the

human capital perspective--explains the initial downward

mobility of newly-arrived immigrant women as being due to

their initial ability to transfer their knowledge and skills

from their home country to their destination country.

However, as time passes, through acculturation and

assimilation, the occupational attainment of immigrants

improve and the initial discrepancy between the occupational

attainment of immigrants and comparable natives diminish.

The initial discrepancy and the subsequent rise in the
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occupational attainment of immigrants would be smaller, the

greater the similarity between the home and destination

courrt.r i.ee s '

The second--the segmented labor market perspective--

holds that the "double disadvantageous" status of immigrant

women is a consequence of the structural segregation of the

labor market by sex and by ethnicity. Immigrant women do not

only enter a sex-segregated labor market but they also

encounter other layers of segmentation in which immigrant

women occupy subordinate positions to native-born women

within traditional female occupations.

The preceding hypotheses have also been used to explain

differences in the occupational attainment of immigrant

groups especially between Caucasian and non-Caucasian

groups. The human capital perspective views differences in

occupational attainment between ethnic groups as being due

to group differences in resources and assimilation effects.

On the other hand, the segmented labor market perspective

holds that differences exist between Whites and non-Whites

because structural barriers as well as historical and

institutional factors prevent non-Whites from converting

their length of residence, education and other assets into

occupational parity with Whites.

IHuman capital theorists explain that occupational segregation
between men and women is a consequence of their efforts to maximize
lifetime earnings. Women who expect discontinuity of work--from child
care and other home activities--choose jobs that incur minimum penalty
for such discontinuance of work (see Polachek 1976).
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In this brief study, I extend the research on the labor

market behavior of immigrant women by investigating whether

some immigrant groups in Hawaii are disadvantaged relative

to other groups. Hawaii's multiracial society--where there

is no single dominant group--provides an excellent

opportunity for determining whether occupational attainment

vary significantly across ethnic groups in a setting where

the potential for discrimination appears to be minimized.

The study also employed the Micro-Based Classification

Analysis (MBCA)--the MBCA is developed in chapter 6 of this

dissertation--to construct a model of occupational

attainment. The merits of the "MBCA" model were compared

with the merits of other approaches that have been used to

construct models of occupational attainment.

12.2 Description of the Data

The data for this study comes from the 1980 Public Use

Microdata Samples for Hawaii (PUMS).2 The population under

study were restricted to foreign-born females in the sample

who belong to the following ethnic groups: Whites,

Japanese, Chinese, Filipinos, Koreans, Portuguese and

Hawaiians and who were aged 20-64, who worked at least one

week in 1979, who were not in school, in the military or

retired, who did not undertake any additional schooling in

2The PUMS A (5% random sample) and PUMS B (1% random sample) were
combined to produce more cases for the study. Duplicates were identified
and excluded from the analyses.
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the u.s. and who reported earnings in 1979 from wages,

salary and self-employment. The foreign-born are defined as

those born in a foreign country and not of American parents.

Persons born in an outlying area of the u.s. (Guam, American

Samoa, etc.) or born abroad of American parents are excluded

from the analyses.

12.3 Mean Characteristics

Table 12.1 reveals that among the foreign-born,

Caucasian females had the highest average annual earnings

while Korean females had the lowest average annual earnings.

Table 12.1 also reveals that a large percentage of the

foreign-born do not speak English very well. Furthermore,

Caucasian females had the highest percentage of own numbers

who speak English very well while Koreans had the highest

percentage of own numbers who do not speak English very

well. Foreign-born White women also had more education

compared to the other ethnic groups.

12.4 Analysis of occupations

Previous research has shown that a large part of

earnings differentials can be attributed to differences in

occupations. Thus, to investigate the possibility that

differences in earnings among the five ethnic groups may be

due to differences in relative occupational distributions, I

divided the foreign-born sample into four broad occupational
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groupings: (1) menial; (2) blue collar [includes craftsmen

and operatives]; (3) white collar [sales and clerical]; and

(4) professional, technical and managerial. 3 Mean values

pertaining to these occupational groupings are reported in

Tables 12.2, 12.3 and 12.4.

The figures in Table 12.2 show that a large percentage

of Japanese, Koreans, Filipinos and Chinese are in menial

and blue collar jobs while very few Whites are in the latter

categories. Table 12.3 shows that, unlike the case for

native-born women, the average earnings of foreign-born

women in blue collar occupations are less than the average

earnings of foreign-born women employed in menial

occupations. Table 12.3 also reveals that within each

occupation the average annual earnings of Whites is not

markedly different from the annual earnings of non-White

groups.

Table 12.4 displays the mean characteristics by

occupation for the foreign-born. It shows that foreign-born

women in blue collar and menial jobs, on the average, have

less earnings, less education, less English skills, are

more likely to live in the Neighbor Islands, have more work

experience, have more children and more likely to have been

out of work in 1975 than foreign-born women employed in

white collar and professional/technical/managerial jobs.

3These groupings are based on Schmidt and Strauss (1975) groupings
of major two-digit Census occupational categories.
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Table 12.4 also reveals that there are very few women who

are employed in white collar and professional, technical and

managerial jobs who speak English poorly.

12.5 occupational segregation

Table 12.3 shows that the mean earnings of Whites are

not that much different from the mean earnings of other

ethnic groups within occupations. Table 12.2 shows, however,

that a much larger proportion of immigrant Whites are in the

"higher paying" white collar and professional, technical and

managerial jobs relative to female immigrants from other

ethnic groups. This inequality opens the possibility that

earnings differences between Whites and non-White groups

could be the result of occupational segregation, that is,

employers "crowd" non-White groups into occupations that are

of low status and low pay. Indeed, this form of

discrimination is more likely to exist in the labor market

than wage discrimination since unequal pay for similar jobs

is difficult to justify (Fujii and Mak 1985).4

I use a multinomial logit model to investigate whether

occupational segregation plays a significant role in the

occupational attainment of immigrant groups in Hawaii. 5

4Se e also Bergmann (1974) and Gill (1989).

SThe literature provides two basic approaches for exam~n~ng the
employment patterns of workers in the u.s. labor market. The first
approach involves the construction of indices of relative employment
shares for the relevant worker groups in various occupations, given the
average level of educational attainment (or some other standard) in the
occupation. The second approach involves the use of qualitative response
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Following Schmidt and Strauss (1975), I assume that ith

immigrant's probability of being in occupation j is given

by:

(12-1)

where Pi(~=l) is the probability that ith immigrant is in

occupation j, 0 otherwise; and probability of employment

depends upon vector of personal characteristics and

productivity variables Xi. [Elements of the vector X are

listed in Table 12.5.]

The multinomial logit model specifies that (12-1) can

be written in the form:

(12-2)
x.(3.

I J
= e

The specification in (12-2) can be simplified further as:

(12.3) = x.(3.
I J for i=1, ... ,n and j=1,2, .. ,J-1.

Here (3 measures the impact of the explanatory variable on

the log odds of immigrant i being in occupation j, relative

to normalized occupation J. The most common technique for

models (e.g., multinomial logit) to measure the impact of productivity
related variables on occupational attainment. The first approach,
however, is rarely used of late because of its drawbacks that one has to
make assumptions about an appropriate reference point (such as average
educational attainment in the occupation) and that the analysis has to
be based on aggregate observations rather than microlevel data (Schmidt
and Strauss 1975, Gabriel 1991).
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estimating the parameters in (12.3) is by maximum likelihood

estimation.

The results of fitting the multinomial logit model to

the foreign-born sample are given in Table 12.6.

Occupational categories are numbered in Table 12.6 as

follows: (1) menial; (2) blue collar; (3) white collar; and

(4) professional, technical and managerial.

Throughout the analysis that follows, immigrant Whites

are used as the "control" group for comparisons relating to

the occupational attainment of immigrant groups in Hawaii.

The use of immigrant whites rather than native-born Whites

as a comparison group is more appropriate since it takes

into consideration the discontinuous nature of the labor

market experience of immigrants.

The negative values of the parameter estimates of the

ED variable in Table 12.6 demonstrates that, holding other

things constant, more education makes it more likely for

foreign-born females to be in professional, technical and

managerial occupations relative to the other occupational

categories. The significant coefficients of the EXPB

variable in columns 2 and 3 of Table 12.6 indicate that

more pre-migration experience increases the likelihood of

being in professional, technical and managerial occupations

relative to blue collar and white collar occupations.

Although most of the results for the "children"

variables in Table 12.6 are not significant, the positive
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estimates for these variables generally indicate that more

"children" decreases the likelihood of being in

professional, technical and managerial occupations relative

to the other occupational categories.

The significant coefficients of the VERYWELL variable

in columns 2 and 3 also indicate that the probability of

being in a professional, technical and managerial occupation

relative to the probability of being in a blue collar or

menial occupation is higher for those immigrants who speak

English very well than for those who English poorly. In

addition, the positive (and mostly significant) coefficients

for the ethnic dummies (JPN, KOR and FIL) indicate that,

holding other things the same, the probability of being in a

professional, technical and managerial occupation relative

to the probability of being in another occupational category

is higher for Whites than for Japanese, Koreans and

Filipinos.

12.6 Measuring the Impact of Occupational Discrimination

on occupational Distributions

Schmidt and Strauss' (1975) model of occupational

attainment--which I used in the previous section--has been

criticized in the literature because the model provides no

means of measuring the impact of occupational discrimination

on wages or on occupational distributions.
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To remedy this problem, Brown, Moon and Zoloth (1980b)

developed a method for measuring the impact of occupational

discrimination on occupational distributions. Briefly, the

procedures followed in Brown et al.'s method are the

following:

(1) The multinomial logit model is estimated for the

"control" or "non-discriminated" group. This step yields the

following:

exp ({3j'X)

Ljexp ({3j'X)

where j represents occupational category j (j=1,2, ... ,J),

(2) The estimated model in step (1) is applied to the

"discriminated group" sample. This process generates an

occupational probability density function for each

respondent in the discriminated group that is represented

by:

p ..d =
IJ

exp ({3j'cXj
d )

Ljexp ({3/Xj
d

)

where Pijd is the estimated probability that respondent i in

discriminated group is in occupation j, xt is respondent i's

vector of personal characteristics (upon which employment in

the occupations depend) and ~~ indicates that the
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calculation uses the estimated multinomial logit

coefficients for the control group.

(3) The predicted probabilities in step (2) are summed

for each occupational category to obtain the following:

E-d = ~.(p..d)
J I IJ '

where ~d is the expected number of respondents from the

discriminated group that are in occupation j.

The E~'s are referred to in the literature as
J

"hypothetical" or "adjusted" occupational distribution for

the discriminated group. The usual interpretation is that

the E/'s simulate a "discrimination-free" occupational

distribution for the discriminated group.

(4) The last step involves comparing the

"hypothetical" distribution of the discriminated group with

the actual distribution of the control or non-discriminated

group. This comparison is facilitated by examining changes

in an "occupational segregation index". The index that is

often used is the Duncan index of dissimilarity:

J

D = 1/2 ~j=llpcj-Pdjl

where Pg is the percentage of the non-discriminated group in

occupation j and P~ is the percentage of the discriminated

group in occupation j. The index indicates the percentage of

the discriminated group that would have to change
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occupations to equalize the occupational distributions of

the two groups. The index can take on any value from zero

(there is no discrimination) to 100 (complete segregation).

To approximate the level of occupational segregation, D

is calculated for the following occupational distributions:

(i) actual non-discriminated and actual discriminated,

(ii) actual non-discriminated and "hypothetical"

discriminated.

If the index, D, decreases significantly from the first

comparison to the second, this is usually interpreted as

supporting the occupational segregation proposition. This

interpretation follows from the notion that if

discrimination is not present then the non-discriminated

group and the discriminated group should have similar

occupational distributions if differences in personal and

producativity characteristics are accounted for. 6

Brown, Moon and Zoloth's method, however, retains many

of the restrictive assumptions of Schmidt and strauss'

method. Aside from ignoring the demand side of the market

and differences in taste and preferences for the different

occupational classifications, Brown et al.'s method, like

Schmidt and Strauss' method, also assumes that in the

absence of discrimination the "non-discriminated" group and

the "discriminated" group should have similar occupational

6An excellent summary of Brown, Moon and Zoloth's method is given
in Gabriel (1991) and Gabriel et al. (1990).
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distributions--with allowances for differences in

characteristics. However, these assumptions are quite

restrictive because they carry the presumption that

occupational differences due to preferences are relatively

small compared to differences due to discrimination.

Moreover, Brown et al.'s method has the obvious

drawback that it reduces the sample size; it does not

utilize the information that can be obtained from the

occupational distribution of the "discriminated" group

since the method estimates the multinomial logit model only

for the "non-discriminated" group. This procedure can

strongly bias results because some variables may impact

differently on the occupational outcomes of the "non

discriminated" group and the "discriminated" group. For

example, consider the application of Brown et al.'s method

to "occupational segregation by sex". In these studies, the

non-discriminated group is usually represented by the males

and so the multinomial logit model is estimated on the male

sample. However, if "home time" and "children" variables

are important determinants of the occupational outcomes of

women and not of men then results that are obtained when the

female sample is substituted into the logit model for men

will always be biased whether or not "home time" and

"children variables" are included in the male logit model

because such variables cannot capture the impact of "home

time" and "children" on the occupational outcomes of women
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because they are estimated on the sample consisting of men

only.? Another example is that of studies that compare the

occupational distribution of (non-White) native-born and

(non-White) foreign-born workers. Since language ability is

an important determinant of the occupational attainment of

the foreign-born then the method of sUbstituting the

foreign-born sample into the native-born multinomial logit

model encounters a sort of "omitted variable" problem since

the native-born logit model cannot include a "level of

language ability" variable because of the very high

probability that almost all of the native-born speak English

fluently. Accordingly, the method produces biased results

because the estimated "discrimination-free" distribution for

the foreign-born inherently carries the assumption that,

like the native-born, the foreign-born also speak English

fluently, which is untrue since being rid of discrimination

7Th i s problem has been discussed by Brown et al. (1980b, p. 10).
They note that number of children may impact differently on the
occupational groupings for men and women and that its omission may bias
the results and so they estimate their male logit model twice, with and
without the KIDS variable. Their calculations showed that the KIDS
variable did not make any significant impact on the results of interest.
Brown et al.'s corrective procedure, however, is questionable because
what is important here is to determine whether the KIDS variable is an
important determinant of the occupational attainment of women. If it is
then the method that they use--substituting the female sample into the
male logit model--produces biased results because the logit model
coefficients apply only to the occupational attainment process of the
males and hence, such a procedure, with or without the KIDS variable,
will not be able to capture the true impact of the KIDS variable on the
occupational outcomes of women. [See Polachek (1975) for a convincing
argument of why family characteristics could have differing effects on
the earnings and occupational attainment of males and females even if
discrimination were not present in the labor market.)
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does not necessarily imply that one becomes fluent in

English as well.

12.7 An Alternative Method of Modelling occupational

Attainment

I now introduce a new method for modelling occupational

attainment that "merges" the two methods of Schmidt and

Strauss and Brown, Moon and Zoloth. In fact, these two

methods could be regarded as special cases of this more

"general" method. Accordingly, this more "general" method is

nothing more but an application of the Micro-based

Classification Analysis (MBCA) that I developed in chapter 6

of this dissertation. 8 Briefly, this "MBCA method" is as

follows:

(1) The multinomial logit model is estimated on the

sample consisting of both the "non-discriminated group" and

the "discriminated group". This step yields the following:

Pij =
J

~j=lexp ((3j'X j )

for i=l, .. N and j=l, .. J.

where (3J=O, Pij is the probability that individual i is in

occupation j, and Xi is a vector of personal characteristics

8Polachek (1981, p. 68) used a similar "technique" to study the
effects of intermittent labor force behavior on the occupational choices
of women. However, Polachek mentions the technique only in passing and
does not explore the possibilities that the technique could be used in a
wide variety of applications as well as in other types of regression
models or model specifications.
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for individual i. 9 The vector of explanatory variables X

which determine occupational attainment include a variable

or group of variables which identify whether individual

belongs to "non-discriminated group" or "discriminated

group" since it is assumed that occupational attainment

differs for the non-discriminated group and the

discriminated group. For the moment I assume that these

identifying characteristics are sufficiently represented by

a single dummy variable D which is defined as follow: D=l if

individual is from discriminated group and 0 if individual

is from the non-discriminated group. [Later in this section

I deal with the case where the differences between the

discriminated group and the non-discriminated group extend

to several personal or productivity characteristics.]

(2) The next step is to "simulate" a "hypothetical" or

"discrimination-free" distribution for the discriminated

group. This step involves changing the value of the D

variable of each of the members of the "discriminated group"

to the value that reflects being a member of the non-

discriminated group (i.e., D=O) while keeping the values of

the other variables at their original values. This step

creates a "hypothetical" sample that is composed of "clones"

9Th e vector ~ also includes a constant term. The presence of this
constant term ensures that maximum likelihood estimates of the model
produce predicted and actual frequencies that will be identical for each
of the J occupation categories. Similarly, if Xi contains a dummy
variable denoting, say, sex, then maximum likelihood estimates also
produce predicted and actual frequencies that will be identical for
each of the two sex groups in each of the J categories (see Maddala
1983, pp. 35-37).
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of members of the discriminated group except for the fact

that the "clones" have a D value that is equal to zero.

(3) The third step is to generate an "occupational

probability density function" for each hypothetical

individual in the hypothetical sample by substituting the

modified observations in step (2) into the equations in step

(1). This process yields the following:

p ..h =
IJ

{3 . hexp ( j Xi )
for i=l, .. Nd and j=l, .. J.

where p/ is the estimated probability that individual i of

hypothetical sample is in occupation j, Nd is the number of

individuals in the discriminated group sUb-sample, Xr is

hypothetical individual i's vector of personal

characteristics and ~ indicates that the calculation uses

the estimated multinomial logit coefficients in step (1).

(4) The predicted probabilities in step (3) are summed

for each occupational category to obtain the following:

where ~h is the expected number of individuals from the

hypothetical sample that are in occupation j.

The E/'s can be interpreted as the IIdiscrimination-

free" occupational distribution of the "discriminated

group". It is predicted distribution of the discriminated
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group if all of them had retained their original

characteristics except for the one that identifies them now

as members of the non-discriminated group.

(5) The fifth step involves comparing the

"hypothetical" distribution of the discriminated group with

the actual distribution of the non-discriminated group. To

run consistent with the occupational segregation literature,

this comparison may be undertaken by examining changes in an

"occupational segregation index". [The procedure is similar

to the one described in step (4) of section 12.6.]

However, the MBCA procedure is better illustrated by

an example. Therefore, suppose that there are 3 occupational

categories. Suppose also that probability of employment in

the different occupations depend upon the following

variables: education, labor market experience, number of

living children and sex. I denote these variables as

follows:

ED = years of schooling completed;

EXP = years of labor market experience defined as

age - education -6;

KIDS = number of living children; and

MALE 1 if male, 0 if female.

Suppose also that maximum likelihood estimation

produces the following multinomial logit model:

exp (a.+b.ED+c.EXP.+d·KIDS.+e.MALK)J J I J I J I J I

(12-4) P jj =
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where a 3=b3= ... =e3=0, Pij is the probability that individual i

is in occupation j (i=1,2, ... ,n and j=1,2,3) and EDit EXPj ,

KIDS; and MALE j are the values of ED, EXP, KIDS and MALE for

the ith individual.

Suppose further that I use the MBCA method to obtain a

"discrimination free" occupational distribution for women.

Then the MBCA table is given in Table 12.7.

The MBCA method can easily be extended to situations

wherein differences between the discriminated group and the

non-discriminated group are not limited to one

characteristic. As an illustration, consider the following

example [which is an extension of the preceding example].

Suppose that there are 3 occupational categories.

Suppose also that probability of employment in the different

occupations depend upon the following variables: education,

labor market experience, number of living children and sex.

I denote these variables as follows:

ED = years of schooling completed;

EXP = years of labor market experience defined as

age - education -6;

KIDS = number of living children; and

MALE = 1 if male, 0 if female.

Suppose further that the effect of KIDS on the probability

of employment in occupational category j is different for

men and women.
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If the multinomial logit model is specified (and

estimated by maximum likelihood) then the estimated model

should appear as follows:

exp (a-+hED-+c.EXP+d·KIDS+e.MALE-+f.MALE.*KIDS.)JJ IJ IJ IJ IJ 1 1
(12-5) P ij =

where a 3=b3= ... =e3=f3=O, Pij is the probability that individual

i is in occupation j (i=1,2, ... ,n and j=1,2,3) and E~, EX~,

KIDS j and MALE i are the values of ED, EXP, KIDS and MALE for

the ith individual.

The model in (12-5)--unlike the model in (12-4)--

includes an interaction term (MALE*KIDS) to accommodate the

supposition that the effect of KIDS on the probability of

employment in occupational category j is different for men

and women.

Accordingly, to obtain a "discrimination free"

occupational distribution for women, the required steps are:

(1) The variable MALE of the multinomial logit model in

(12-5) is renamed MALENEW. This change, however, does not

include the interaction term MALE*KIDS which means that the

term MALE*KIDS remain the same.

(2) Each woman in the sample is assigned a value of 1

for the renamed variable MALENEW.

(3) The modified female observations are substituted

into the multinomial logit model in (12-5) (where the MALE

variable has been renamed MALENEW). This particular step
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forces the sex dummy to take on the value that has been

assigned for males but at the same time ensures that the

interaction variable takes on a zero value. Thus, this step

ensures that the hypothetical woman is "male" but that she

retains her other characteristics which are "discrimination~

invariant". That is, characteristics that women would still

possess even if discrimination were not present in the labor

market .10 Overall, this step produces for each hypothetical

woman a vector of predicted probabilities of belonging in

each of the three occupational categories.

(4) Consequently, the predicted probabilities in step

(3) are summed up over observations to produce the expected

distribution of hypothetical women in the three occupational

categories.

The corresponding MBCA table is shown in Table 12.8.

12.8 occupational Segregation and English Language

Ability: Applications of the MBCA Method

Race Issue

I now use the MBCA method to examine the occupational

segregation question that I had dealt with earlier, that is,

100 f course, if there are other characteristics that are not
"discrimination invariant" then one should make sure that the
"hypothetical" woman does not retain these characteristics. For example,
if the effect of KIDS were not "discrimination invariant" then one
should modify the procedure in step (3) and make sure that the
"hypothetical" women does not retain the effect of KIDS on the
probability of employment in occupation j that corresponds to women.
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if Hawaii employers discriminate against non-White immigrant

groups in Hawaii.

The MBCA procedure is as follows:

(1) The multilogit model in (12-3) is fitted by maximum

likelihood estimation to the foreign-born sample. This step

produces the same estimated model as the one given in Table

12.6.

(2) The following steps were followed to obtain the

"discrimination-free" distribution of non-White groups.

i. The values of ethnicity dummies for each

observation in the non-White sub-sample were changed to

values that indicate that immigrant is White.

ii. The modified observations in step (i) were

sUbstituted into the model in step (1) producing for each

immigrant a vector of predicted probabilities of belonging

to each of the four occupational categories.

iii. The predicted probabilities of being in each

occupation were summed over observations (and for different

ethnicities) to produce the "discrimination-free"

distribution of non-White groups, that is, the hypothetical

distribution of non-White groups if they were Whites.

I also examined the extent and pattern of occupational

segregation against non-White groups by comparing the

changes in their actual and hypothetical occupational

distributions relative to the actual distribution of the
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Whites in the sample. To facilitate this comparison, I

employed the Duncan index of dissimilarity:

where P~ is the percentage of White immigrants in occupation

j and Pnj is the percentage of non-White immigrants in

occupation j.

To approximate the level of occupational segregation, D

is calculated for the following occupational distributions:

(i) actual White and actual non-White,

(ii) actual White and "hypothetical" non-White.

If the index, D, decreases significantly from the first

comparison to the second, then I interpret this as

supporting the occupational segregation proposition. This

assumption follows from the notion that if non-Whites were

not sUbject to discrimination then, holding other things

constant, race should not be a factor in differences of

occupational distributions.

Furthermore, I also use the chi-square goodness of fit

test to test for the significance of the effects of

discrimination. Accordingly, I compare the actual and

hypothetical distributions of the different immigrant

groups. The null hypothesis is that the actual and

hypothetical distributions are the same. II

I' Th i s method is also used in Gabriel (1991).
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Language Issue

I also employed the MBCA method to examine another

issue that is important to non-White immigrants in Hawaii

and that is the language issue. specifically, I use the

method to determine the extent to which immigrants from

non-English speaking countries are disadvantaged

"occupationally" in the Hawaii labor market relative to

those who come from English-speaking countries.

The language issue needs to be considered

simultaneously with the race issue when studying the labor

market experiences of immigrants in Hawaii because of the

fact that most White immigrants come from English speaking

countries like Britain and Canada while most non-White

immigrants come from non-English speaking countries. Thus,

most White immigrants have the dual advantage over other

immigrants of being White and being able to speak English

fluently.

Accordingly, the MBCA procedure that I used to examine

the language issue is as follows:

(1) The multinomial logit model in (12-3) is fitted by

maximum likelihood estimation to the foreign-born sample.

This process again produces the same estimated model as

given in Table 12.6.

(2) The following steps were followed to obtain the

predicted or IIhypothetical ll distribution of non-White groups

under the assumption that they all speak English very well:
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i. The values of the "English" dummy variables for

each observation in the foreign-born sample were changed to

values that indicate that immigrant speak English fluently.

ii. The modified observations in procedure step (i)

were substituted into the model in step (1) producing for

each immigrant a vector of predicted probabilities of

belonging to each of the four occupational categories.

iii. The predicted probabilities of being in each

occupation were summed over observations (and for different

ethnicities) to produce the expected distribution of

immigrants if they could all speak English very well.

Race and Language

I also employed the MBCA method to e~amine the joint

effects of race and language on the occupational attainment

of immigrants in Hawaii. The steps in the MBCA procedure are

the following:

(1) The multilogit model in (12-3) is fitted by maximum

likelihood estimation to the foreign-born sample. This

process again yields the same estimated model as given in

Table 12.6.

(2) The following steps were followed to obtain the

predicted or "hypothetical" distribution of the different

non-White groups under the assumption that they are all

White and that they all speak English very well:

i. The values of the ethnicity dummies and the

"English" dummies for each observation in the foreign-born
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sample were changed to values that indicate that immigrant

is White and speaks English fluently.

ii. The modified observations in step (i) were

substituted into the model in step (1) producing for each

immigrant a vector of predicted probabilities of belonging

to each of the four occupational categories.

iii. The predicted probabilities of being in each

occupation were summed over observations (and for different

ethnicities) to produce the expected distribution of non

White immigrants if they are all Whites and could all speak

English very well.

12.9 Empirical Results

The discussion below pertaining to the empirical

results in Table 12.9 are divided into three parts. The

first part deals with differences in the actual and

hypothetical distributions of different immigrant groups

that arise from differences in race alone. This is the part

which discusses the presence or absence of discrimination.

The second part deals with the differences in actual and

hypothetical distributions because of differences in English

ability levels. The third part deals with differences in the

distributions arising from differences in both race and

English language ability levels.

Occupational Segregation

The index figures and Chi-square test figures in Table

12.10 show that race is an important factor in the
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occupational outcomes of immigrants in Hawaii. The figures

in Table 12.10 show that being "White" causes the

occupational distribution of non-White immigrants to change

significantly.

English Language Ability

The results in Table 12.9 show a strong movement from

menial and blue collar jobs to white collar and

professional, technical and managerial jobs when all

foreign-born workers are assumed to speak English verywell.

For the foreign-born sample, as a whole, there is a 6.43

percent shift from menial and blue collar jobs to white

collar and professional, technical and managerial jobs. l2

For the ethnic groups, the biggest change is registered by

the Koreans, 11.05 percent, followed by the Japanese, 10.03

percent, followed by the Chinese, 7.56 percent, Filipinos,

4.86 percent and Whites, 0.81 percent. The small change in

the predicted distribution of Whites is expected since a

large percentage of the Whites actually speak English very

well.

These results should partly explain why there are many

foreign-born women in low-skilled occupations. These results

suggest that because of their deficiencies in English

12Th e 6.43 percent shift is computed by subtracting the predicted
proportion of all foreign-born workers in menial and blue collar
occupations from that of the actual proportion of all foreign-born
workers in menial and blue collar occupations.



359

skills, many foreign-born women end up in low-skilled

occupations where English skills are relatively unimportant.

Race and English Language Ability

The figures in Table 12.9 reveal that the combination

of being White and being able to speak English very well

have very strong effects on occupational outcomes. The

results show that if non-White groups had those two factors

together, their occupational distributions would closely

approximate that of the White immigrants. Thus, these

results show that English language ability and race should

be considered simultaneously when studying the occupational

outcomes of the foreign-born because it appears that these

are two most important factors that explain why the

occupational outcomes of non-White immigrants are different

from White immigrants.

12.10 Extensions of the Model

The model that I used in (12-3) allows only the

constant term to be shifted by race. This implies that the

effects of education, experience and other variables are

assumed to be the same for all the ethnic groups. This

implicit assumption may not be the best one to use in this

study because this assumption disregards the transferability

of skills hypothesis, that is, that some of the variables

could have a different impact on occupational outcomes for

different groups of immigrants because each group comes from
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countries of varying lIeconomic and cultural distance ll

relative to the u.s. and hence, these immigrants may come

with skills that have different levels of transferability in

the u.s. labor market. For example, one could argue that the

coefficient of education should be different for Whites and

non-Whites because Whites come from countries whose

schooling are strongly transferable in the u.s. labor

market, e.g., Canada and Britain, while non-Whites come from

countries whose educational system is different from that

of the U.S., e.g., Korea, China, Japan. Therefore, one

cannot make the reasonable assumption that say, schooling,

will have the same effect on occupational outcomes for all

immigrants if discrimination were not present in the labor

market because the absence of discrimination does not

automatically imply that one's schooling will be totally

transferable to the u.S. labor market. Obviously, there is a

component of the non-transferability which is due to

discrimination and there is a component which is due to

skills not being transferable. In fact, in so many cases it

is impossible to separate one from the other. For example,

when an employer requires an immigrant to take some written

test, he could be doing so to discriminate against the

immigrant or it could be an honest means on his part of

trying to find out whether immigrant's skills are useful in

his enterprise.



361

Thus, to determine the effects of the transferability

of skills hypothesis on the occupational outcomes of

immigrants, I assumed that there is interaction between the

race dummies and the variables for schooling, pre-migration

experience and years since migration. I then applied this

extended model to the foreign-born sample, the results of

which are shown in Table 12.11.

12.11 Applications of the MBCA Method to the Extended Model

I replicated the MBCA analysis in section 12.8 to the

extended model in Table 12.11. The results of the MBCA

analysis are given in Table 12.12.

The figures in Table 12.12 require some further

explanation as to how they were obtained because the

extended model contains interaction variables. For example,

the table shows that one of the rows in the Japanese

category is labeled PREDICTED DISTRIBUTION IF WHITE. Now

what does this mean? This label refers to the hypothetical

distribution of Japanese immigrants if all of them were

assumed to be "Whites" but that their other characteristics

are the same, including the effects of the ED, EXP and YSM

variables on their occupational outcomes. To make this

explanation clearer, I illustrate how the figures for

PREDICTED DISTRIBUTION IF WHITE for the Japanese category

are obtained. They are computed as follows:
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(1) The variable JPN of the multinomial logit model in

Table 12.11 is renamed JPNNEW. This change, however, does

not include the interaction terms that contain the JPN race

dummy which means that terms ED*JPN, EXP*JPN and YSM*JPN

remain the same.

(2) Each Japanese immigrant in the sample is assigned a

value of 0 for the renamed variable JPNNEW.

(3) The modified Japanese observations are substituted

into the multinomial logit model in Table 12.11 (where the

JPN variable has been renamed JPNNEW). This particular step

forces the race dummy to take on the value that has been

assigned for Whites but at the same time ensures that the

interaction variables do not take on zero values. Thus, this

step ensures that the hypothetical Japanese immigrant is

"White" but that the effects of education, pre-migration

experience and post-migration experience on occupational

attainment are still (ED + ED*JPN), (EXPB + EXPB*JPN) and

(YSM + YSM*JPN) for this "White" Japanese immigrant. This

step produces for each hypothetical Japanese immigrant a

vector of predicted probabilities of belonging in each of

the four occupational categories.

(4) Consequently, the predicted probabilities in step

(3) are summed up over observations to produce the expected

distribution of hypothetical Japanese immigrants in the four

occupational categories.
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The other row figures in Table 12.12 are computed in

much the same way as "PREDICTED DIST'N IF WHITE". "PREDICTED

DISTRIBUTION IF IMMIGRANT'S EDUCATION AND EXPERIENCE ARE

ASSUMED TO HAVE THE SAME EFFECTS ON OCCUPATIONAL ATTAINMENT

AS THE EDUCATION AND EXPERIENCE OF WHITE IMMIGRANTS" are

computed by forcing the interaction variables to take on

zero values while keeping the original values of the other

variables. "PREDICTED DIST'N IF IMMIGRANT IS WHITE AND

IMMIGRANT'S EDUCATION AND EXPERIENCE ARE ASSUMED TO HAVE THE

SAME EFFECTS ON OCCUPATIONAL ATTAINMENT AS THE EDUCATION AND

EXPERIENCE OF WHITE IMMIGRANTS" are computed by forcing the

interaction variables to take on zero values and the race

dummies to take on the assigned "White" value.

There are several important conclusions that can be

reached from the results in Table 12.12. First, it appears

that a strong reason why non-White immigrants are

disadvantaged occupationally vis-a-vis White immigrants is

that their education and experience do not have as much of

an effect on occupational attainment compared to the

education and experience of White immigrants. The support

for this explanation is evident in the figures from "PRED.

IF WHITE ED, EXPB & YSM" where it is shown that if non-White

immigrant's education and experience have the same effects

on occupational attainment as the educat~on and experience

of White immigrants then non-Whites would be found in
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greater numbers in white collar and professional, technical

and managerial occupations.

However, the results for "PRED. IF WHITE ED, EXPB &

YSM" might encourage the comment that the multinomial logit

results are spurious since the results indicate that a very

large percentage of non-Whites would be employed in

professional, managerial and technical occupations if their

education and experience have the same effects on

occupational attainment as the education and experience of

White immigrants. On second examination, however, the

results can be explained by the fact that the race dummies

capture the "abilities" of non-Whites to land the higher

status white collar and professional, technical and

managerial occupations without so much the benefit of

education and experience and so the results of PRED. IF

WHITE ED, EXPB & YSM capture both the effects of the

education and experience of Whites as well as the effects of

the compensating "abilities" of non-Whites on occupational

attainment. 13 It is easy to see from such an explanation

that the results for PRED. IF WHITE ED, EXPB & YSM are

unrealistic because non-Whites are very unlikely to reap the

benefits of these compensating "abilities" if their

I3Amo ng others, these "abilities" of non-Whites to land white collar
and professional, technical and managerial occupations without so much
the benefit of education and experience could be the consequence of
higher motivation or innate ability or it could be due to being involved
in self-employment or other activities where success is not dependent on
prior education and experience levels in their countries of origin.
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education and experience have the same effects on

occupational attainment as the education and experience of

Whites. 14

The results for "PRED. DIST'N IF WHITE" support the

above explanation since the results show that, holding other

things the same, when non-Whites are assumed to be "Whites"

their predicted occupational distribution is worse than

their actual distribution. This result emerges because the

assumption in PRED. DIST'N IF WHITE really has the effect of

purging the non-Whites of their "abilities" to compensate

for their disadvantages in education and experience.

Accordingly, without these "abilities" the non-Whites are

predicted to be worse than they actually are.

The results for "PRED. IF WHT & WHT ED,EXPB,YSM"

provide a more realistic picture of how the occupational

distributions of non-Whites would improve if they are

assumed to be "Whites" and also that their education and

experience have the same effects on occupational attainment

as the education and experience of Whites. That is, PRED. IF

WHT & WHT ED,EXPB,YSM assume that the pre-migration skills

and schooling of non-Whites are as transferable as the

skills and schooling of Whites and that, like Whites, non-

Whites do not encounter discrimination in the labor market.

14Actually these results suggest that the use of dummies is not
fully adequate for modeling the behavioral differences in occupational
attainment between the different immigrant groups. These results
indicate that the dummies do not provide enough information to identify
the underlying cause or sources of the differences.
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The distribution figures in "PRE. IF WHT & WHT ED,EXPB,YSM",

therefore, are the "limits" of how the occupational

distribution of non-Whites would improve if they are free

from discrimination in the labor market. I refer to them as

"limits" on the assumption that if the market were free of

discrimination then the occupational distributions of non

Whites could not be "better" than "PRE. IF WHT & WHT

ED,EXPB,YSM" but could only be "less" since it is highly

likely that the skills and schooling of non-Whites are not

as transferable as the skills and schooling of Whites in the

Hawaii labor market.

Although the results of this study do not provide an

exact measure of the effects of discrimination it should be

noted that the MBCA method is quite an improvement over past

methods because the MBCA method does not only permit one to

pinpoint and identify the sources of "discrimination" but

also permit one to analyze the results of different model

specifications.

However, the MBCA projections in this study should be

interpreted with care since these projections ignore the

demand side of the market. Thus, it is best to view these

projections as "limits" of how far the occupational

distributions of female immigrants would improve if

discrimination were not present in the market as opposed to

viewing them as actual occupational distributions if

discrimination were not present.
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12.12 summary and Conclusions

This study employs the MBCA approach--developed in

chapter 6 of this dissertation--to analyze the occupational

attainment of female immigrants in the Hawaii labor market.

The results of the study indicate that the MBCA approach

works very well in analyzing the phenomenon of "occupational

segregation". The analysis indicates that the MBCA approach

does not only permit one to pinpoint and identify the

sources of "discrimination" but also permits one to analyze

the results of different model specifications.

The study finds that English language fluency has a

significant effect on the occupational attainment of

immigrants. By using a multinomial logit model to

"simulate" the occupational distribution that would be

obtained for immigrants if they all speak English fluently,

the study finds that a substantial portion of the

immigrants that are employed in low-skill occupations would

have been employed in high-skill occupations if they had

fluent English skills.

The extended MBCA analysis indicate that a strong

reason why non-White immigrants are disadvantaged

occupationally vis-a-vis White immigrants is that their

education and experience do not have as much of an effect on

occupational attainment compared to the education and

experience of White immigrants. The MBCA simulations suggest

that non-White immigrants are forced to settle in self-
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employment and other livelihood activities where success is

not dependent on prior education and experience levels

because of their inability to transfer their knowledge and

skills from their home countries to their destination

countries.

In addition, the MBCA projections reveal that the

combination of being White and being fluent in English have

very strong effects on the occupational outcomes of non

White immigrants. The projections indicate that if non

White immigrants possessed the joint qualities of being

"White" and being fluent in English then their occupational

distributions would closely approximate that of the White

immigrants.
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TABLE 12.1
Mean Characteristics of the Females in the Sample by Ethnic Grouping

Variables

Earnings in 1979
Log of Earnings
Education
Experience
Square of Experience
Married (%)
% living in Neighbor Islds.
Weeks Worked in '79
Log of Weeks Worked in 1979
Hours/Week in 1979
Log of Hours Worked

per Week in 1979
% w/ Health Disability
% who speak English Very Well
% w/ English Well
% w/ English Poor
% Self-employed
% Wage/Salary Workers

% in Government
% in Private

AGE
Number of children ever born
Number of children under 6
Number of children

between 6 & 18
% not working in 1975
% U.S. Citizen
% immigrated from 75-79
% immigrated 70-74
% immigrated 65-69
% immigrated 60-64
% immigrated 50-59
% immigrated before 1950
n

All

$8,168
8.71

11. 62
20.90

596.57
72.43
15.76
44.10
3.69

37.54
3.56

2.19
47.78
35.06
17.16

6.69
93.30
10.95
82.35
38.52
1.86
0.35
1.03

29.21
52.95
21. 62
27.02
19.29
13.02
13.09
5.96
1643

Whites

$10,273
8.77

13.36
20.82

560.67
59.90
19.34
43.08
3.64

37.24
3.52

1.41
93.87

5.66
0.47
9.43

90.57
13.68
76.89
40.17

1.29
0.13
0.52

26.41
48.11
11.32
16.51
15.09
25.00
18.40
13.68

212

Japanese

$8,788
8.77

12.01
24.91

756.79
74.14

9.34
46.24
3.77

36.73
3.52

3.43
37.69
37.38
24.92
11.53
88.47

7.16
8.13

42.92
1.58
0.13
0.64

25.54
58.57
11.21
18.69
12.77
16.51
32.09

8.72
321
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Variables

Earnings in 1979
Log of Earnings
Education
Experience
Square of Experience
Married (%)
% living in Neighbor Islds.
Weeks Worked in '79
Log of Weeks Worked in 1979
Hours/Week in 1979
Log of Hours Worked

per Week in 1979
% w/ Health Disability
% who Speak English Very Well
% w/ English Well
% w/ English Poor
% Self-employed
% Wage/salary Workers

% in Government
% in Private

AGE
Number of children ever born
Number of children under 6
Number of children

between 6 & 18
% not working in 1975
% U.S. Citizen
% immigrated from 75-79
% immigrated 70-74
% immigrated 65-69
% immigrated 60-64
% immigrated 50-59
% immigrated before 1950
n

Filipinos

$7,884
8.76

11.22
20.22

582.43
77 .93
22.32
44.53
3.71

38.06
3.59

1.40
46.43
40.69
12.88
2.68

97.32
13.77
83.55
37.44
2.23
0.55
1.44

28.44
51. 02
23.21
32.01
25.64
9.31
5.87
3.95

784

Chinese

$7,041
8.48

10.74
21.21

647.02
77.99
4.40

41.89
3.61

35.48
3.49

3.14
37.11
27.67
35.22
10.06
89.94

7.55
82.39
37.94
1.90
0.28
0.85

30.82
65.41
26.41
19.50
16.98
16.98
14.46
5.66

159

Koreans

$6,706
8.54

11. 38
16.14

352.56
53.89
3.59

41.33
3.61

39.03
3.59

3.59
25.15
41.32
33.53
9.58

90.42
4.79

85.63
33.52
1.31
0.16
0.66

41. 92
45.51
42.51
40.12

9.58
4.79
2.39
0.60

167
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TABLE 12.2
occupational Distribution by Ethnicity: Actual Percentage Distributions

occupation Whites Japanese Chinese Koreans Filipinos All

Professional, tech- 31. 60 10.59 23.90 10.78 12.24 15.40
nical, managerial
White collar 45.75 41. 74 25.16 26.95 25.26 31.28
Blue collar 3.30 10.28 10.69 5.39 20.41 13.76
Menial 19.34 37.38 40.25 56.89 42.09 39.56

100.00 100.00 100.00 100.00 100.00 100.00

TABLE 12.3
Earnings by occupation and by Ethnicity

Occupation Whites Japanese Chinese Koreans Filipinos All

Professional, tech- $12,227 $15,680 $10,141 $9,384 $11,004 $11,711
nical, managerial
White collar 10,617 8,179 6,862 7,692 7,484 8,226
Blue collar 4,642 7,594 5,325 6,442 6,631 6,604
Menial 7,226 7,843 5,767 5,757 7,824 7,285
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TABLE 12.4
Mean Characteristics by Occupation for the Foreign-born

Menial Blue White Prof/Tech All
Collar Collar Managerial

Earnings $7,285 $6,604 $8,226 $11,711 $8,167
Education 10.21 8.84 13.20 14.51 8.71
Experience 23.10 26.00 17.44 17.69 20.90
Married, spouse present (% ) 72.00 81.41 71. 59 67.19 72.43
% living in Neighbor Is1ds. 18.46 19.91 11. 67 13.44 15.76
Log of Weeks Worked 3.66 3.70 3.69 3.76 3.69
Log of Hours Worked/Week 3.55 3.57 3.54 3.59 3.56
% w/ Health Disability 2.31 1. 33 2.14 2.77 2.19
% who speak English 33.23 29.20 63.03 70.75 47.78

VERY WELL
% who speak English WELL 43.23 39.82 28.60 22.92 35.06
% who speak English POORLY 23.54 30.97 8.37 6.32 17.16
AGE 39.31 40.85 36.64 38.20 38.52
No. of children ever born 2.16 2.37 1.49 1. 36 1.86
No. of children under 6 0.35 0.39 0.37 0.27 0.35
Children between 6 and 18 1.22 1. 31 1.49 0.72 1.03
% not working in 1975 32.31 35.40 26.07 22.13 29.21
U.S. citizen (%) 49.38 46.90 58.37 56.52 52.95
% immigrated from 1975 to 25.69 23.89 19.07 14.23 21.62

1979
% immigrated from 70 to 74 26.77 26.99 26.07 29.64 27.02
% immigrated from 65 to 69 20.00 15.49 19.45 20.55 19.29
% immigrated from 60 to 64 12.46 15.49 12.45 13.44 13.02
% immigrated from 50 to 59 11. 38 11. 50 15.37 14.23 13.09
% immigrated before 1950 3.69 6.64 7.59 7.90 5.96
n 650 226 514 253 1643
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Table 12.5
Definitions of Variables

Variables Definitions

o otherwise
o otherwise
o otherwise
o otherwise
1950, 0 otherwise

Natural logarithm of annual earnings in 1979
Years of schooling completed
Age - education -6
Square of EXP
=1 if married with spouse present, 0 otherwise
Natural logarithm of weeks worked in 1979
Number of children ever born
Number of children under 6 living in the household
Number of children between 6 and 18 living in the

household
Natural logarithm of hours worked per week in 1979
=1 if person has a health condition which limits the

amount or kind of work she can do, 0 otherwise
=1 if individual was not working in 1975, 0 otherwise
=1 if immigrated to u.s. 1975-1979, 0 otherwise

WELL

=1 if immigrated to u.s. 1970-1974,
=1 if immigrated to u.s. 1965-1969,
=1 if immigrated to u.s. 1960-1964,
=1 if immigrated to u.s. 1950-1959,
=1 if immigrated to the u.s. before
Pre-migration experience
Years Since Migration
=1 if born in another country, 0 otherwise
=1 if person is of Japanese ethnicity, 0 otherwise
=1 if person is of Chinese ethnicity, 0 otherwise
=1 if person is of Filipino ethnicity, 0 otherwise
=1 if person is of Korean ethnicity, 0 otherwise
=1 if person is of Hawaiian ethnicity, 0 otherwise
=1 if person is of Portuguese ethnicity, 0 otherwise
=1 if person is of Caucasian ethnicity, 0 otherwise
=1 if person has no difficulty speaking English

(fluent English speakers), 0 otherwise
=1 if person has only minor problems with the English

language, 0 otherwise
POOR (ref. categ.) =1 if person speaks little or no English, 0 otherwise

NLF75
IM75-79 (refe-

rence category)
IM70-74
IM65-69
IM60-64
IM50-59
IMBEF50
EXPB
YSM
BOC
JPN
CHN
FIL
KOR
HAW
PORT
WHT (ref. categ.)
VERYWELL

lnHOURS
DIS

ln Y
ED
EXP
EXPSQ
MS
LNWEEKS
KIDS
CU6
C6-18
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TABLE 12.6
Multinomial Logit Results for the Foreign-born

VARIABLE

ED (Education)

EXPB (Pre-migration
Experience)

DIS (Disability)

NI (Neighbor Is.)

WELL

VERYWELL

MS (Marital Status)

KIDS

CU6

C6-18

NLF75

CTZ (U.S. Citizen)

IM70-74

IM65-69

IM60-64

IM50-59

IMBEF50

JPN (Japanese)

CHN (Chinese)

KOR (Korean)

FIL (Filipino)

CONSTANT
CHI-SQUARED = 761.62 WITH 63

In[P1/P4)
(1 )

-0.43861*
(-11.64)
-0.02353

(-1.73)
-0.76522

(-1.28)
0.42213
(1. 69)

-0.13500
(-0.40)
-0.83093*
(-2.42)
-0.01255
(-0.06)
0.14172*
(1. 99)
0.14512
(0.96)
0.09547
(1. 06)
0.25042
(1.23)

-0.00886
(-0.44)

-0.95562*
(-3.39)

-0.82091*
(-2.66)

-0.47902
(-1.36)

-0.89913*
(-2.31)

-1. 70889*
(-3.37)
1.13759*
(3.50)

-0.05276
(-0.15)
1.18276*
(2.96)
1.11585*
(3.86)
6.61688*

DEGREES OF

In[P2/P4)
(2 )

-0.52256*
(-11.98)
-0.03423*

(-2.11)
-1. 32564

(-1. 58)
0.20383

(0.68)
-0.65282

(-1.72)
-1.27299*

(-3.25)
0.50819

(1.91)
0.09786

(1.20)
0.10133

(0.58)
0.05140

(0.50)
0.50912*

(2.07)
-0.20805

(-0.84)
-0.89717*

(-2.62)
-1.14603*

(-2.96)
0.03060
(0.07)

-0.58426
(-1.22)

-0.82820
(-1.39)
1. 43023*

(2.78)
0.03597

(0.06)
0.52625

(0.82)
2.24665*

(4.77)
5.87829*

FREEDOM

In[P3/P4]
(3)

-0.22050*
(-6.28)

-0.03536*
(-2.63)

-0.38069
(-0.72)

-0.15550
(-0.64)
0.16251

(0.46)
0.06699

(0.19)
0.22635

(1. 20)
0.04636

(0.66)
0.22938

(1. 59)
0.01661

(0.19)
0.03440

(0.17)
0.24216

(1.26)
-0.77268*

(-2.82)
-0.69302*

(-2.35)
-0.70098*

(-2.07)
-0.81311*

(-2.22)
-1.05280*

(-2.32)
0.80848*

(2.87)
-0.68224*

(-2.17)
0.20551

(0.55 )
0.16189

(0.68)
3.95261*

Notes: [*] indicates significance at the 5 percent level.
T-values in parenthesis. Estimates of In [PI/P2) , In [PI/PJ ] or
In [P 2/PJ ) may be estimated from the above table by noting that
In [P I/P2]=ln [PI/P4]-ln [P 2/P4 ) , In [P ,/PJ)=ln [P,/P4)-ln [PJ/P4 ) ,

and In [P2/PJ)=ln [P2/P4)-ln [PJ/P4 ) .
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TABLE 12.7
Hypothetical Occupational Distribution for Women

PREDICTED DIST'N IF MALE

PREDICTED DIST'N IF MALE

PREDICTED DIST'N IF MALE

Percent Distribution in CATEGORY l
(~j [exp (al+b\EDj+cIEXPj+dIKIDSj+el) I~jexp (aj+

bjEDj+cjEXPj+djKIDSj+ej) ] ) I n,

Percent Distribution in CATEGORY l
(~j [exp (a2+b2EDj+c2EXPj+d2KIDSj+e2) I~jexp (aj+

bjEDj+CjEXPj+djKIDSj+ej) ] ) Inr

Percent Distribution in CATEGORY J
(~j [exp (a3+b3EDj+c3EXPj+d3KIDSj+e3) I~jexp (aj+

bjEDj+cjEXPj+djKIDSj+ej) ] ) Inr

Notes: EDj, EXPj, and KIDS j are the values of ED, EXP and KIDS for the
the ith individual in the female sub-sample (i=1,2, •• ,nr>,
where nr is the size of the female sub-sample.

PREDICTED DIST'N IF MALE represents the hypothetical
distribution of women if they were males.

TABLE 12.8
Hypothetical Occupational Distribution for Women

in the Model with Interaction

PREDICTED DIST'N
IF MALE

PRED. DIST'N IF MALE

PRED. DIST'N IF MALE

Percent Distribution in CATEGORY 1
(~j [exp( a,+b\EDj+c\EXPj+d,KIDSj+e,+f, (0) ) I~jexp( aj+

bjEDj+cjEXPj+djKIDSj+ej+fj (0) ) ] ) Inr

Percent Distribution in CATEGORY l
(~j [exp (a2+b2EDj+c2EXPj+d2KIDSj+e2) I~jexp (aj+

bjEDj+cjEXPj+djKIDSj+ej) ] ) Inr

Percent Distribution in CATEGORY J
( ~j [exp ( a3+b3EDj+c3EXPj+d3KI DSj+e3)I ~jexp ( aj+

bjEDj+CjEXPj+djKIDSj+ej) ]) Inr

Notes: EDj, EXPj, and KIDSj are the values of ED, EXP and KIDS for the
the ith individual in the female sub-sample (i=1,2, .. ,nr>,
where nr is the size of the female sub-sample.

PREDICTED DIST'N IF MALE represents the hypothetical
distribution of women if they were males.
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TABLE 12.9
Actual and Predicted Occupational Distribution of the

Foreign-born using Multinomial Logit Analysis

MENIAL BLUE WHITE
COLLAR COLLAR

PROF

POOLED
(WHITES
& NON
WHITES)

WHITES

POOLED
(NON
WHITES

ONLY)

JAPANESE

CHINESE

KOREANS

FILIPINOS

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PREDICTED IF ENGL. VERY WELL
PREDICTED IF WHT & VERY WELL

39.56
32.84
35.21
27.59

19.34
19.34
18.64
18.64

42.56
34.84
37.67
28.91

37.38
29.57
30.02
22.29

40.25
35.32
35.28
29.88

56.89
36.51
47.41
27.81

42.09
36.54
39.21
31. 66

13.76
6.33

11.68
4.78

3.30
3.30
3.19
3.19

15.30
6.78

12.94
5.02

10.28
6.33
7.34
4.23

10.69
8.94
8.10
6.45

5.39
6.99
3.82
4.50

20.41
6.49

18.16
5.16

31.28
39.79
35.96
44.57

45.75
45.75
46.31
46.31

29.14
38.91
34.43
44.31

41. 74
41.69
49.96
47.80

25.16
37.62
29.65
43.52

26.95
38.78
35.01
46.73

25.26
38.05
28.91
42.53

15.40
21.04
17.14
23.06

31.60
31.60
31.86
31.86

13.00
19.47
14.96
21. 76

10.59
22.40
12.68
25.68

23.90
18.12
26.98
20.14

10.78
17.72
13.76
20.96

12.24
18.92
13.71
20.65

Notes: PROF=professional, managerial & technical workers. PREDICTED
DIST'N IF WHITE is the hypothetical distribution of the foreign-born
if they are all assumed to be "Whites". PREDICTED IF ENGL. VERY WELL
is the hypothetical distribution of each immigrant group if all of
them are assumed to speak English very well. PREDICTED DIST'N IF WHT
& VERY WELL is the hypothetical distribution of each immigrant group
if they are all assumed to be "Whites" and could all speak English
very well.



243.56**
34.52**
11.13*
29.05**

292.88**

Table 12.10
Segregation Indexes

Index of Dissimilarity
Actual White and Actual (Pooled) Non-White
Actual White and Hypothetical (Pooled) Non-White

Actual White and Actual Japanese
Actual White and Hypothetical Japanese

Actual White and Actual Chinese
Actual White and Hypothetical Chinese

Actual White and Actual Koreans
Actual White and Hypothetical Koreans

Actual White and Actual Filipinos
Actual White and Hypothetical Filipinos

Chi-Square Goodness of Fit Statistics
Actual Non-White and Hypothetical Non-White
Actual Japanese and Hypothetical Japanese
Actual Chinese and Hypothetical Chinese
Actual Koreans and Hypothetical Koreans
Actual Filipinos and Hypothetical Filipinos

Note: [**) indicates Chi-square value (3 d.f.) is significant
at the one percent level, [*) indicates significant at the
five percent level.
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35.21
18.97

25.02
13.26

28.29
21. 61

39.63
20.85

39.85
20.38
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TABLE 12.11
Extended Model Results for the Foreign-born

VARIABLE In[P1/P4] In[P2/P4] In[P3/P4]
( 1 ) (2 ) (3 )

ED (Education) -0.64105* -0.84347* -0.46171*
(-5.60) (-4.00) (-5.43)

ED*FIL 0.23227 0.34190 0.28944*
(1. 83) (1. 56) (2.90)

ED*JPN 0.35688* 0.49782* 0.31174*
(2.34) (2.07) (2.42)

ED*CHN 0.10705 0.20281 0.14585
(0.67) (0.82) (1.10 )

ED*KOR 0.49854* 0.93049* 0.61722*
(3.22) (3.40) (4.17)

EXPB (Pre-migration -0.07436 -0.17951 -0.02376
Experience) (-1.88) (-1.54) (-0.86)

EXPB*FIL 0.08892* 0.18249 -0.00398
(2.04) (1. 54) (-0.12)

EXPB*JPN 0.02887 0.12257 -0.01734
(0.58) (1. 00) (-0.43)

EXPB*CHN 0.05410 0.14043 -0.04689
(1. 03) ( 1. 12) (-0.99)

EXPB*KOR 0.04245 0.16430 -0.01054
(0.79) (1. 28) (-0.21)

DIS (Disability) -0.75068 -1. 32405 -0.30332
(-1.27) (-1.58) (-0.57)

NI (Neighbor Is. ) 0.28818 0.03474 -0.20425
(1. 14 ) (0.11) (-0.82)

WELL -0.20933 -0.68203 0.02422
(-0.61) (-1.77) (0.07)

VERYWELL -0.90831* -1.30068* -0.09164
(-2.59) (-3.26) (-0.25)

MS (Marital Status) 0.03088 0.53176* 0.23347
(0.15) (2.00) (1. 22)

KIDS 0.13160 0.09122 0.06553
(1. 83) (1.11) (0.91)

CU6 0.11328 0.06298 0.18047
(0.75) (0.36) (1.26)

C6-18 0.09146 0.04598 -0.00157
( 1. 05 ) (0.46) (-0.02)

NLF75 0.34062 0.64211* 0.10211
(1. 66) (2.61 ) (0.51)

CTZ (U. S. citizen) -0.05429 -0.30417 0.17335
(-0.27) (-1.25) (0.91)

YSM (Years Since Migration) -0.01858 0.02505 -0.01312
(-0.79) (0.60) (-0.69)

YSM*FIL -0.01073 -0.03935 0.00343
(-0.38) (-0.87) (0.14)

YSM*JPN 0.00003 -0.00556 -0.00706
(0.00) (-0.11) (-0.24)

YSM*CHN -0.04565 -0.08103 -0.05864
(-1.22) (-1.43) (-1.76)

YSM*KOR -0.30415 -0.00721 0.01611
(-0.55) (-0.09) (0.30)

JPN (Japanese) -3.83275 -5.34053 -3.33263*
(-1. 62) (-1.45) (-1.61)

CHN (Chinese) -1.36196 -2.05171 -1. 69600
(-0.56) (-0.55) (-0.80)

KOR (Korean) -5.52432* -11.45562* -8.04990*
(-2.40) (-2.85) (-3.58)
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Table 12.11 (Continued) Extended Model Results for the Foreign-born

FIL (Filipino)

CONSTANT
CHI-SQUARED = 800.07

-2.65582
(-1.38)
9.41958*

WITH 87 DEGREES OF

-2.66966
(-0.82)
9.80479*

FREEDOH

-3.91325*
(-2.46)
6.97569*

Notes: [*] indicates significance at the 5 percent le~el.

T-values in parenthesis. Estimates of in [PI/P2]' in [P1/P3 ] or
in [P2/P3 ] may be estimated from the above table by noting that
in [P1/P2] =l n [P1/P4 ] - l n [P2/P4 ] , in [P,/P3 ] = l n [P1/P4 ] - l n [P3/P4 ] ,

and in [P2/P3 ] = l n [P2/P4 ] - l n [P3/P4 ] .
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TABLE 12.12
Actual and Predicted Occupational Distribution of the

Foreign-born Using Extended Model

MENIAL BLUE WHITE
COLLAR COLLAR

PROF

POOLED
(WHITES
& NON
WHITES)

WHITES

POOLED
(NON
WHITES

ONLY)

JAPANESE

CHINESE

KOREANS

FILIPINOS

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

ACTUAL & PREDICTED DIST'N
PREDICTED DIST'N IF WHITE
PRED. IF WHITE ED, EXPB & YSM
PRE. IF WHT & WHT ED,EXPB,YSM

39.56
28.26
20.65
29.79

19.34
19.34
19.34
19.34

42.56
29.59
20.85
31. 34

37.38
34.78

6.47
27.10

40.25
36.33
31.44
32.12

56.89
3.51
6.57

33.87

42.09
31. 65
27.62
32.38

13.76
25.76
2.41
4.16

3.30
3.30
3.30
3.30

15.30
29.08

2.28
4.28

10.28
38.22
0.36
4.87

10.69
17.89
3.20
5.79

5.39
81.42

0.00
3.78

20.41
16.46

3.37
3.85

31.28
40.80
14.63
45.09

45.75
45.75
45.75
45.75

29.14
40.07
10.02
45.00

41. 74
26.74
13.12
48.96

25.16
37.46
25.51
42.88

26.95
15.07
0.34

46.24

25.26
51. 39
7.68

43.54

15.40
5.17

62.30
20.96

31.60
31.60
31.60
31.60

13.00
1.26

66.85
19.38

10.59
0.26

80.05
19.07

23.90
8.32

39.85
19.21

10.78
0.00

93.08
16.11

12.24
0.50

61. 33
20.23

Notes: PROF=professional, managerial & technical workers. ACTUAL DIST'N
is the actual distribution of the foreign-born as shown in Table 15.
PRED. IF WHITE ED, EXPB & YSM is short for PREDICTED DISTRIBUTION IF
IMMIGRANT'S EDUCATION AND EXPERIENCE ARE ASSUMED TO HAVE THE SAME
EFFECTS ON OCCUPATIONAL ATTAINMENT AS THE EDUCATION AND EXPERIENCE OF
WHITE IMMIGRANTS. PRE. IF WHT & WHT ED,EXPB,YSM is ~hort for
PREDICTED DISTRIBUTION IF IMMIGRANT IS ASSUMED WHITE AND IMMIGRANT'S
EDUCATION AND EXPERIENCE ARE ASSUMED TO HAVE THE SAME EFFECTS ON
OCCUPATIONAL ATTAINMENT AS THE EDUCATION AND EXPERIENCE OF WHITE
IMMIGRANTS.
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CHAPTER 13

THE POOLING OF CROSS-SECTION DATA: A CRITIQUE ON THE

USE OF T-TESTS, F-TESTS AND CHOW TESTS

13.1 Introduction

One of the problems of empirical research in the social

sciences comes about when one is faced with the possibility

of behavioral differences among different sUb-populations of

the data that is being analyzed. This situation is always a

dilemma for social science researchers because most

researchers do not want to break up their sample but they do

not also like the idea of modifying their "model" so that it

can accommodate the possibility of behavioral differences

among the different sub-populations.

Although the above possibility is frequently

encountered in the social sciences, many statistical texts

do not even bother to discuss or explain the steps that one

must take when faced with such a dilemma, especially in

deciding whether to stratify the sample and specify a

different behavioral model for each sub-sample or to "pool"

the sample and specify the behavioral differences within

one overall model. The discussion below attempts to give

more light on this subject by providing a short outline of

how one must proceed with the analysis when faced with such

a dilemma. Specifically, the discussion below provides the

researcher with some guidelines that will help him decide
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whether he should stratify his sample or whether he should

specify a single model for his "pooled" sample. To make the

outline simple, the discussion is limited to single

equation linear regression models that are fitted on cross

section data. More advanced topics such as non-linear models

or pooling of cross-section and time-series data are not

discussed in the outline. As with most outlines, however,

understanding of the presentation requires that the reader

has some background in statistical modelling and in the use

of statistical tests for inference.

This outline is organized as follows: Section 13.2

discusses the relationship between social science theory and

statistical models. section 13.3 discusses the basic

assumptions of the classical linear regression model and

some of the problems that are encountered when one or more

of the assumptions are not met. The fourth section

discusses the use of t-tests, F-tests and Chow tests in

hypothesis testing. section 13.5 discusses the general

topic of "pooling" in cross-section linear regression

models. section 13.6 illustrates some common mistakes that

are made by researchers when they try to specify the

behavioral differences of the sUb-populations in the

"pooled" data in one single model. And finally, the last

section gives a short summary of the discussion.
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13.2 Theory, Empirical Work and statistical Models

The preoccupation of most social science research is to

find explanations for human behavior. These explanations

are usually presented in systematic form as models that

describe the most important determinants of behavior being

studied. However, since models are simplifications and

abstractions of reality, these models describe only the

most important aspects of behavior rather than explain or

account for specific details of the behavior.

Models are usually developed by means of the deductive

method and the inductive method. The deductive method starts

with a few simple axiomatic statements to build a model and

to make predictions about expected behavior. The second

method relies mostly on past empirical observations to

develop a model. Most social science models are developed by

means of the second method because most behavioral

relationships in the social sciences can only be modeled

from past occurrences. Models that are derived from either

method are important because they provide the theoretical

base by which the researcher can analyze the causal

relationships of the behavior being studied as well as

formulate the necessary hypotheses and predictions that can

guide the analysis.

Empirical work is important in model building because

they provide a test of whether the model's predictions are

consistent or not. If the model's predictions are consistent
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with the empirical evidence then such consistence increases

the model's legitimacy. However, if the model's results are

inconsistent with the empirical evidence then the model may

have to be revised to account for this contrary behavior.

Note that this role of "refuting" the model is very

important because observed behavior cannot "prove" the

predictions of the model but can only refute or disprove

them. consistency between data and predictions of a given

theory does not rule out the possibility that the same data

are also consistent with the predictions of competing

theories or hypotheses. Quantitative empirical work is very

useful in refuting or showing that model is consistent with

data because quantitative empirical work permits the use of

statistical tests to measure the precision of the decision

criteria for consistency or inconsistency as well as give

estimates of the magnitudes of the expected relationships as

predicted by the model.

Empirical work can only be meaningful if it is guided

by explicit hypotheses and predictions that are derived from

prior theory and empirical evidence. without prior theory

and empirical evidence, the researcher cannot know which

variables to include in the model, which data to use, what

assumptions to use, and how to interpret the results of the

analyses and their implications. without the analytical

structure provided by a theoretical base, empirical work is

simply a bunch of statistical tests that have no meaning.
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Without prior theory and hypotheses, one cannot have a

standard by which to see whether results are true or false

or whether they are biased or unbiased.

The behavior in a quantitative model is usually

described as a series of hypotheses about how an endogenous

variable Y is related to one or more exogenous variables X.

In this specification, the value of the endogenous variable

is determined within the model while the values of the

exogenous variables are determined outside of the model. The

relation between Y and X is usually described by a

functional relationship, the most common of which is the

linear model,

( 13-1 ) Y = (31 + (32X,

where (31 and (32 are the unknown parameters of the model.

The task that one generally faces after the model is

specified is to collect data for values of X and Y so that

the parameters of the model can be estimated. These

estimates enable one to test hypotheses pertaining to the

relationship between Y and X. For example, one can test

whether X appears to influence Y by testing whether (3, has

a value of zero or not.

The process of model building from theoretical

framework to model specification is best shown by an

example.

Suppose that one has a theory that says that years of

schooling determines how much one earns. Suppose also that
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this relationship is best represented by a linear model.

Hence, the model is

(13-2) Earnings = (31 + (32EDUC,

where earnings measure the individual's annual earnings and

EDUC is the individual's years of completed schooling.

If the theory also predicts that more schooling

increases a person's earnings, then this prediction can be

evaluated by testing the hypothesis that (37 is positive.

Suppose there is an alternative theory which says that

earnings is determined by an individual's years of labor

market experience. Then these two explanations can be

combined into a single model as follows:

(13-3)

where EXP is the individual's years of labor market

experience.

To evaluate the relative importance of each

explanation, the researcher may use statistical tests to

measure the separate effects of each explanation by testing

whether (32=0 or (33=0 or he may evaluate the joint effect on

earnings of the two explanations by testing the null

hypothesis that (32=(33=0 against the hypothesis that it is not

true.

If earnings were determined only by education and

experience, then the work of the analyst is straightforward.
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All he needs to do is to collect the data, fit the model

into the data and estimate the parameters ~I' ~2' and ~3.

However, if he comes across another hypothesis that says

that earnings is further affected by factors like race,

sex, ability, age, marital status, and place of residence,

then he may have to reformulate the model to account for the

effects of these other factors, or the analyst might choose

to stratify the sample, that is, choose observations that

belong to the same sex, marital status, place of residence,

and so on, and fit the model to each of the sUb-samples. In

sUbsequent discussions, I shall outline in more detail the

steps that the researcher may take if he needs to decide

whether to stratify his sample or to specify the effects of

the other factors in one overall model.

In all this, the researcher should be aware that his

data analysis cannot be undertaken if he does not have a

well-specified model as well as the necessary set of

hypotheses to guide his analysis. The predictions of his

model must be able to stand on their own either by the logic

of the theory or through previous empirical findings before

the data are analyzed. Only if such criteria is met can the

researcher be confident that the data being analyzed

constitute a useful test of the model. There can be no

benefit to the analysis if the model is weak since one

cannot prove explanations with observed behavior, nor can
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there be any benefit to refuting a weak model or a model

that is not well-specified.

In the course of his data analysis, the researcher may

find that his results contradict the predictions of the

model. If the researcher accumulates evidence that such

contradiction is not just a feature of the data but the

result of some inadequacies in the model, then he may refine

and reformulate the model to account for the differences in

observed and predicted behavior. However, these refinements

now constitute hypotheses that must be established in future

empirical work. l

13.3 Linear Regression Models

Linear models are popular in empirical research because

of their ease of use and because of their ability to

approximate many complicated functional forms. In addition,

many non-linear functional forms can be transformed into

linear relationships for the purpose of statistical

analysis. Thus, linear models can easily be used as a

starting point for analysis in many studies. Of course,

linear models may not always be appropriate for the analysis

required and thus, the decision to use it in the analysis is

one of the many important tasks that any researcher must be

'The presentation in this section borrows heavily from the work of
Hanushek and Jackson (1977). If the reader is interested in more
details, then it is suggested that he read Hanushek and Jackson (1977)
and Leamer (1978).
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adept with if he intends to produce meaningful empirical

work.

Most social science phenomena can seldom be adequately

represented by the simple bivariate linear model in

(13-1). I therefore extend the specification of the model

in (13-1) to account for the more general mUltivariate case.

A common type of theoretical proposition in the social

sciences states that changes in one variable can be

explained by reference to changes in several other

variables. Such a relationship is described in a simple way

by a multiple linear regression equation of the form

(13-4)

where Y denotes the dependent variable and € is a stochastic

disturbance. The subscript i refers to the ith observation;

the second subscript used in describing the explanatory

variables identifies the variable in question. When K=2, the

above model reduces to the simple bivariate (stochastic)

model.

To complete the specification of the regression model,

the following assumptions are added (Kmenta 1986):

i) €j is normally distributed.

ii) E(€j)=O.

iii) Var(€j)=a2
•

iv) Cov(€j,€)=O'
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v) Each of the explanatory variables is

nonstochastic with values fixed in repeated samples and such

that, for any sample size, ~(X~-Xk)2/n is different from zero

and its limit, as n ~oo, is a finite number for every

k=2 ,3, •.. ,K.

vi) The number of observations exceeds the number of

coefficients to be estimated.

vii) No exact linear relation exists between any of

the explanatory variables.

After the model is specified, the next task that the

researcher usually faces if he has the required data is to

find estimators for the unknown parameters ~I' ~2' ... '~K.

These estimators are simply procedures for making guesses

about the unknown parameters on the basis of the known

sample values of Y, X2, X3 , ••• ,XK •

It can be shown that if the above assumptions of the

multiple linear regression model are satisfied then the

least squares estimators are "BLUE" (Best Linear Unbiased

Estimators) .

I now discuss some of the problems that ensue when one

or more of the assumptions of the linear regression model

are violated. The reader is reminded that the discussion

below (pertaining to the effects and consequences of some of

the problems) is by no means complete but is simply included

in the "outline" so that it can serve as the basis for some

of the points that are raised in later discussions.
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MUlticollinearity

Problems associated with multicollinearity arises

whenever one explanatory variable is highly correlated with

another explanatory variable or with a linear combination of

other explanatory variables. The effect of multicollinearity

is to decrease the precision of the estimates which makes it

difficult to develop tests that are good at distinguishing

between alternative values of a parameter and alternative

specifications of the model. One possible way to increase

the precision of the estimates is to increase the sample

size. Hence, the implication is that, if possible, one

should never reduce the sample size.

Omission of £ Relevant Variable

When a relevant variable is omitted from the model, the

effect is usually to produce biased and inconsistent

parameter estimates if the omitted variable is correlated

with the included variables in the model and inefficient

parameter estimates if the omitted variable is uncorrelated

with the included variables in the model.

Inclusion of an Irrelevant Explanatory Variable

When an irrelevant variable is included in the model,

the least squares estimators are unbiased but they are

inefficient (except when uncorrelated). This loss of

efficiency makes it more difficult to reject the null

hypothesis of a zero slope parameter.



392

Heteroscedasticity

Heteroscedasticity arises when the assumption of

constant variance of the error terms is violated. One of

the classic examples of heteroscedasticity is with cross

section studies of family income and expenditures. Since it

is likely that the spending patterns of high-income families

are more volatile than the spending patterns of low-income

individuals--low income people spend only for basic

necessities--then it is likely that in a model where

expenditures are the dependent variable and income is one of

the explanatory variables that error variances associated

with higher income families would be greater than error

variances associated with low income families.

Standard statistical texts provide several tests for

detecting heteroscedasticity if the researcher has reason to

believe that the error terms from different observations are

not constant. The statistical literature also provides

different methods for correcting for heteroscedasticity if

it is indeed a problem. If the researcher has knowledge of

the error term variance-covariance matrix then the method

of generalized least squares (GLS) is a powerful method for

correcting for heteroscedasticity.

Violations of one or more of the assumptions of the

linear regression model are not uncommon in social science

empirical work. Among others, they are likely to occur

because the exact formulation of the behavioral relationship
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being studied is not always known. Thus, in specifying

models, the econometrics literature emphasizes that the

specification must include the very important variables

because the extent of the bias will be great if such

variables are omitted from the model. For example, if "good

looks" affects a person's earnings but the effect is

negligible then it may not really be necessary to include

this variable in the earnings model. Of course, how one

proceeds with deciding which variables are important, which

variables should be omitted, which variables are

mUlticollinear, and so on, must be guided at all times by

prior theory and past empirical work.

13.4 Use of T-tests, F-tests and Chow Tests in Hypothesis

Testing

The testing of hypotheses in linear regression models

is done mostly through the use of t-tests, F-tests and Chow

tests.

Use of the t-test can be illustrated as follows. Given

the model in (13-4), suppose that one wants to test

Ho: {3k="Ik,

against the alternative that Ho is not true. Then the

statistic that can be used to test Ho is

(13-5) (k=2,3, .•. ,K).
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Most frequently, this statistic is used to test the

hypothesis that the intercept is equal to zero (~l=O) or to

test the hypothesis that the variable Xk has no influence on

the mean of Y (~k=O).

One may also want to test the hypothesis that none of

the explanatory variables in (13-4) has an influence on the

mean of Y. In this case the following F-statistic is the

appropriate one to use

(13-6)
SSR/ (K-l)

SSE/(n-K)
- FK-1•n-K

where SSR is the residual sum of squares and SSE is the

error sum of squares.

The use of the F-test can be extended to cases where

the researcher wants to know whether additional variables

influence the mean of Y. For example, suppose that one

theory states that the regression equation is

(13-7)

while another theory says that it should be stated as

(13-8) Yj = ~l + ~2Xi2 + ~3Xi3 + ••• + ~KXiK +

~K+JXi.K+J+ ••• + ~QXiQ + tj (Q>K) ,

In this case, the second theory can be tested by testing the

hypothesis that

Ho: ~K+l=~K+2='" =~Q=O,
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against the alternative that Ho is not true. The appropriate

test statistic to use is

(13-9)
(SSR13_&-SSR13_7 ) (Q/K)

(SSE 13_&1 (n-Q)
- F Q-K.n-Q

where SSR13_& and SSE13_& are the residual sum of squares and

error sum of squares of (13-8) and SSR13_7 is the residual sum

of squares of (13-7).

When there is only one additional explanatory variable

the F-test in (13-9) reduces to the ordinary t-test. This

follows from the relationship that F(l-Pl.I..=tl-lp/2).•'

The F-test in (13-9) can also be used to test for the

equality of all of the coefficients of two regression

equations that have the same error variances. To illustrate

this case, consider the following two equations:

(13-10)

(i=l, 2, .. ,n)
and

(13-11)

+ ... + QKXiK + €; (i=n+l,n+2, ... ,n+m).

Assuming 2K « n+m, then one can test the null hypothesis of

equality of coefficients by collapsing the two equations

into one equation as follows:

(13-12) y.
I



where Zj = 1 if i>n,

= 0 otherwise.
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The null hypothesis of equality of coefficien~s is

(13-13 )

and the appropriate F-test is the test for relevance of

additional explanatory variables in 13-9.

The test in (13-13) is known as the Chow test. The

extension of the Chow test to cases that involve the testing

of equality of a subset of coefficients in two regression

equations or in cases where the regressors are not all the

same between two equations is straightforward. However, I

shall illustrate in detail the "testing of equality of a

subset of coefficients in two regression equations" because

there is one possibility that has not been accounted for by

the econometrics literature because Chow (1960) and Fisher

(1970) simply left this possibility as "an exercise to the

reader".

I point out this minor oversight as follows. Consider

again the equations in (13-10) and (13-11):

(13-10)

and

Yj = {31 + {3zXjZ + {33 Xj3 + ...

+ {3K XjK + €j (i=1,2, .. ,n)

(13-11) Yj = (Xl + (X2Xi2 + (X3 Xi3 + ...

+ (XKXjK + €j (i=n+1,n+2, ... ,n+m).
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Suppose that one wants to test the hypothesis that {31=a l,

{32=a2, • • • ,{3h=ah (h<K) in the two equations. Then, according

to the econometrics literature, one can test this hypothesis

by collapsing the two equations into one equation as

follows:

(13-14)

where Z;=l if i>n,

= 0 otherwise.

The null hypothesis of equality of coefficients is

(13-15)

and the appropriate F-test is the test for relevance of

additional explanatory variables in 13-9.

However, the above test in (13-15) is incomplete in the

sense that it does not completely specify the conditions

under which the test should be applied. Specifically, it

does not say whether the test can be applied in cases where

the researcher has prior knowledge of the equality of the

pairs {3h+J and a h+ l, {3h+2 and a h+2, ••• ,{3K and a K in the two

regressions. If the researcher has prior knowledge that the

pairs are not all equal, then the above test is the proper

test. However, if the researcher has prior knowledge that

all the pairs {3h+1 and a h+lt {3h+2 and a h+2, ••• , {3K and a K are

equal in the two equations then the proper test is to
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collapse the two equations in (13-10) and (13-11) as

follows:

(13-16 )

where

Yj = {31 + {32Xi2 + {33Xj3 +... + {3KXjK + A( Zi +

A2ZjXi2 + ... + AhZjXjh + €j,

Zi=1 if i>n,

= 0 otherwise.

That is, the terms Ah+1ZjXjh+l + ... + AKZiXiK are excluded from

the "pooled" equation.

The null hypothesis of equality of coefficients is

(13-17)

and the appropriate test is the test for relevance of

additional explanatory variables in (13-9).

Of course, if the researcher has prior knowledge that

some of the pairs in {3h+1 and a h+1, {3h+2 and a h+2, ••• , {3K and a K

are equal and some are not, then the "pooled" specification

is a combination of the technique used in (13-14) and (13

16). As an example, consider again the equatiqns in (13-10)

and (13-11). Suppose that one wants to test the hypothesis

that {31=a 1, {32=a2, ••• , {3h=ah (h<K) in the two equations. Suppose

also that the researcher has prior knowledge that the pairs

in {3h+ ( and a h+J' {3h+2 and a h+2, ••• , {3K-l and a K_ 1 are equaland

the pair {3K and aK is not equal. Then the proper test is to

collapse the two equations in (13-10) and (13-11) as

follows:
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where

Yj = {31 + {32 Xi2 + {33 Xj3 +... + {3K XiK + Al Zj +

A2zjXi2 + ... + Ahzjxih + AKzjxiK + €if

Zj = 1 if i>n,

= 0 otherwise.
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That is, only the terms Ah+IZjXih+1 + ... + AK_IZiXiK_1 are excluded

from the "pooled" equation.

The null hypothesis of equality of coefficients is

(13-19)

and the appropriate test is the test for relevance of

additional explanatory variables in (13-9).

The specification for the test in (13-17) is also

important because it is not always the case that one has no

prior or theoretical basis to assume that some parts of the

relationship between the two equations are not the same.

This is the case with some "control variables" whose effects

are confined to the intercept of the regressiqn equation.

As an example of how this can happen, consider the "Mincer

human capital earnings function" in labor economics:

(13-20) In Earnings

where In EARNINGS is the natural logarithm of annual

earnings; EDUC is years of schooling completed; EXP is labor

market experience (age-education-5); and EXPSQ is square of

EXP.
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"Control variables" are usually added as explanatory

variables to this function to account for the effect on

earnings of such factors as marital status, health, place of

residence and so on.

The effect of marital status is usually incorporated

into the model in (13-20) as follows:

(13-21) ln Earnings = {3, + {32EDUC + {33EXP + {34EXPSQ

+ {3sNOTMSP + E,

where NOTMSP = 0 if married with spouse present, = 1

otherwise.

Now, suppose that I have this data which consists of

married and non-married males. Suppose also that instead of

specifying (13-21) I estimate (13-20) separately for married

and non-married males in the data as follows: 2

(13-22) ln Earnings = {31 + {3zEDUC + {33EXP

+ {34EXPSQ + E,

(13-23) ln Earnings = a 1 + azEDUC + a 3EXP

+ a 4EXPSQ + E,

(married) ,

(not married),

Suppose further that I test the hypothesis that {31=a, in (13-

22) and (13-23). Suppose also that I have prior knowledge

that the other coefficients of the two equations are equal

so I use the procedure in (13-16) and (13-17). Accordingly,

J r assume here that there is no need to incorporate other "control
variables" in the earnings models, i.e., the males in the data belong to
the same race, originate from the same area, have the same ability, and
so on.
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the "pooled" equation that I will obtain is identical to

(13-21) and the corresponding F-test is identical to the

usual t-test that es=O in (13-21). Hence, this example

shows that sometimes cases can arise where the procedure in

(13-16) and (13-17) is more relevant than the procedure in

(13-14) and (13-15).

Problems with the t-test and the F-test

The F-test and the t-test are powerful tools for

testing hypotheses but they have to be used within the

context of a theoretical structure because th~y have

drawbacks too, especially if they are not applied properly.

To explain what these drawbacks are, consider first the t

test. The main problems of the t-test usually arise when

the least squares estimators are inefficient. In cases where

one or more of the assumptions of the model is violated such

as omission of a relevant variable, inclusion of an

irrelevant variable, multicollinearity, and so on, the t

statistic loses a great deal of its precision (because of

the greater variance). This loss of efficiency makes it

difficult (with the use of the t-test) to reject the null

hypothesis of a zero slope parameter.

Another problem with the t-test is that it is designed

mainly to test the null hypothesis that ek is equal to zero

(Ho: ek=O) when it fact what the researcher really needs in

most cases is to test the null hypothesis that the true

coefficient ~k is not equal to zero so that if this
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hypothesis is rejected then the researcher can reestimate

his model with the variable Xk omitted. However, since the

t-test is not designed for such purpose so what most

researchers do is to accept the null hypothesis that ~k=O

if the t-value is below some specified level of significance

and then reestimate the equation without the Xk variable.

However, this process is very risky because it is very

possible that use of this procedure may result in the

omission of an important variable. The high probability of

omission follows from the fact that not rejecting the

hypothesis that ~k=O is not equivalent to rejecting the null

hypothesis that ~k~O (Hanushek and Jackson 1977, p. 94).

In many instances, t-statistics cannot be depended upon

as a reliable indicator of whether a variable is relevant or

not because low t-statistics could be due to a number of

things such as the true coefficient being close to zero or

that the estimated coefficient has a high variance, possibly

because of mUlticollinearity or the inclusion of an

irrelevant variable. The implication is that using t-tests

to justify removing variables may lead to the exclusion of

collinear but substantively important variables or it may

even lead to the exclusion of relevant variables in cases

where the model is saddled with irrelevant variables. Thus,

there is considerable risk of biased coefficients if one

adopts the strategy of removing variables because t-
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statistics of those variables are low (Hanushek and Jackson

1977, pp. 94-95).

The F-test is also a very important tool for testing

hypotheses but it has problems too. The best way to

illustrate these problems is through the use of an example.

Suppose that the F-test is used to determine ~hether

additional variables XK+1, XK+2 , ••• 'XQ are relevant in (13-8).

Following the method in (13-8) the null hypothesis is

usually set up as

(13-24)

against the alternative hypothesis that Ho is not true.

SUbsequently, if the F-test falls below the critical value

for a specified confidence level, the researcher may decide

to accept the null hypothesis that the coefficients are all

equal to zero and reestimate the equation with the variables

XK +1f XK +2 , ••• , XQ omitted. However, this proceqs runs the

very considerable risk of biasing the remaining coefficients

because the statistical test in (13-24) is not set up to

test the null hypothesis implicit in this decision process.

The null hypothesis the researcher is actually using is that

each of the coefficients is not equal to zero, Ho: ~K+l¢O,

~K+2¢0, ••• '~Q¢O' Accordingly, not rejecting the null

hypothesis that the coefficients are all equal to zero is

not equivalent to rejecting the null hypothesis that each

of the coefficients is not equal to zero. In fact, not
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rejecting the null hypothesis that Ho is true in (13-24) is

not equivalent to rejecting the null hypothes~s that at

least one of the coefficients is greater than zero.

On the other hand, when Ho in (13-24) is rejected, that

does not necessarily mean that all the variables XK +1 ,

XK +2 , ""XQ are relevant because there is still the

possibility that some of the additional variables could be

irrelevant because rejecting Ho is not equivalent to

accepting the hypothesis that each of the coefficients is

not equal to zero. Hence, the F-test can only reject the

hypothesis that the coefficients are all equal to zero but

it cannot tell precisely which of the variables are relevant

or which of them are irrelevant. This problem is especially

serious with the F-test because high F-statistics can result

from the possibility that a subset or all of the additional

variables are really relevant or it could be due to high

correlation between the additional variables, possibly due

to multicollinearity. Thus, when multicollinearity is

present it is possible to obtain significant F-values even

when all the additional variables are irrelevant.

However, when one has evidence that multicollinearity

is not a serious problem then the F-test is a very good test

for rejecting Ho in (13-24) and consequently, for rejecting

the hypothesis that the model in (13-7) is adequate, because

rej ection of Ho in this case means that there is a very high

probability that at least one of the additional variables in
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(13-8) is relevant which implies that (13-7) is

misspecif ied. 3

Is it possible to use the results of the t-tests to

validate or invalidate the results of the F-tests? The

answer to this question is that the results of the t-tests

and the F-tests are hardly comparable--except, of course,

when there is only one variable--because they are based on

different presumptions. The t-test is carried out without

any presumption about the effects of the other variables

while the F-test is based on the joint effects of all the

variables that are included in the test. Thus, because of

differing presumptions, it is very possible for the t-tests

and the F-tests to produce seemingly contradictory but valid

results such as the t-tests being all insignificant while

the F-test is highly significant. Kmenta (1986, pp. 414-415)

gives a diagrammatic example of situations where t-tests and

F-test both lead to rejection or non-rejection of the "null

hypothesis" and situations where the t-tests and F-test give

opposite results as to whether the "null hypothesis" should

be accepted or rejected.

The above discussion shows that results of the t-test

and the F-test cannot be meaningful if they are not used

within the analytical structure provided by prior theory and

prior empirical work. without the explicit hypotheses and

predictions that are provided by theory and prior empirical

3Se e also Leamer (1978, chapter 4).
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work, the results of t-tests and F-tests are nothing more

but a collection of random numbers that are incapable of

meaning and interpretation.

13.5 Pooling in Cross-section Regression Models

When fitting models to data, the first concern of the

analyst is to choose data that best fit the behavior being

analyzed, that is, that all the observations in the data

follow the hypothesized relationship in the model. Of

course, this does not mean that all individuals in the data

follow one identical behavior, it means rather that under

ide~tical circumstances, their average behavior is the same.

The set of all units that follow the same causal

relationship are referred to as the population and the model

describing the behavior of the members of the population is

called the population model. This population may consist of

males in Hawaii (as in the above example) or firms in Hawaii

(if one is studying the sales performance of firms in

Hawaii). Note that the precise definition of population

depends on the behavior being studied. For example, males

and females may constitute a homogeneous population for

studying the attendance behavior of students in a university

but they may not constitute a homogeneous population for

the earnings model in (13-3) because the (discontinuous

nature of the) labor market experience of women may not have

the same effect on earnings as the experience of men.
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Another good example that highlights this relationship

between "population definition" and "behavior" can be

observed in studies that analyze the determinants of male

earnings. In these studies, a sample of males from the state

of Hawaii may constitute a homogeneous population for

studying the structure of individual earnings but a sample

of males from allover the u.s. may not constitute a

homogeneous population since earnings behavior of individual

workers may display sizable differences across labor markets

[see Hanushek (1981) and Fujii and Mak (1983b) for more on

this issue].

The necessity that all observations come from the same

population is apparent from the above definitlon. For

example, suppose that the earnings model in (13-3) is fitted

to a sample composed of native-born and foreign-born males.

Consequently, if prior theory or empirical work reveals that

foreign-born males earn less than native born-males or that

the effects of schooling and experience for foreign-born

males are different than for native-born males then the

model in (13-3) is in the same position as a misspecified

model where a relevant variable is excluded or errors are

correlated which means that the estimates will be biased. Of

course, other factors such as race, marital status, place of

residence, health, and so on, may also affect earnings which

means that (13-3) should not only be reformulated to take

account of the behavioral differences of natives and
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foreign-born but should also be restructured to accommodate

the effects of these other factors that affect earnings. In

the discussion that follows, I shall consider alternative

ways of specifying the effects of these factors in the

earnings model.

I start my discussion by going back to the model in

(13-2) . Let me write it as follows:

(13-25) Earnings {3J + {32EDUC + E.

Suppose I fit this model to a random sample of males in

Hawaii aged 25-64.

The model in (13-25) carries the assumption that the

rate of return to a year of schooling is the same whether

the person has 5 years of schooling, 10 years of schooling

and so on. However, is this a reasonable assumption? It is

difficult to say but the answer is likely to depend on

several factors which could include, prior theory and

empirical work, results of preliminary tests on the data,

the researcher's expert guess, hunch and judgement, the

purpose of the analysis and so on. 4

The researcher has to consider also that a model's

value is not so much that it is a perfect representation of

reality but that its predictions are accurate or useful for

4Fo r example, one of the reasons why Hanushek (1981) argues against
the use of national data in studying the structure of individual
earnings is that his empirical results show that the effects of
schooling on earnings vary considerably for the "more educated" and the
"low educated" across different Census regions in the u.s.
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the purposes of the analysis. However, what is useful and

what is accurate depends on a lot of factors. For example,

if the researcher is in a developing country where he cannot

avail himself of powerful modern computers then a highly

complicated statistical model is certainly of little use but

this does not mean also that he is entitled to use some

crude and unreliable model. At any rate, however, it is

necessary that the researcher know the limitations of his

statistical model as well as the consequences of those

limitations so that he can use the results of his model in

the proper way. 5

However, let me suppose at the moment that the

assumption of a constant rate of return to all years of

schooling in (13-3) is reasonable. Let me suppose also that

there is another theory that says that labor market

experience also determines earnings. Incorporating this

explanation into (13-25), I obtain

(13-26) Earnings

Note that I am assuming in (13-26) that all individuals with

the same years of education and experience have equal

5Another good example is the case where the researcher is faced
with the problem of unobservable variables. When this ~appens what the
researcher usually does is to use "proxy" variables to represent the
unobservable variables, such as in (13-3) where years of schooling is
used as a proxy to represent education. Of course, the use of the proxy
implies that some degree of accuracy in the model's estimates is lost.
Hence, the need to evaluate the consequences of this "loss", whether it
is negligible or whether it biases results considerably, is one of the
questions that the researcher must deal with before he can make use of
the model's estimates.
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expected earnings. For example, I assume here that a year of

additional experience for males with "high" education will

have the same effect on earnings as a year of additional

experience for males with "low" education, or that a year of

additional schooling for males with "high" experience will

have the same effect on earnings as a year of ~additional

schooling for males with "low" experience.

Suppose further that another theory says that earnings

vary with marital status. Basically, I can deal with this

problem in two ways. First, I could stratify the sample

into a "married" sample and a "non-married" sample and then

estimate (13-26) separately for each sample o~ I can

specify the behavioral differences within one overall model.

Suppose that I try the first alternative and estimate the

following equations:

(13-27)

(13-28)

Earnings = (31 + (32EDUC + (33EXP + E

Earnings (31 + (32EDUC + (33EXP + E

(married) .

(non-married) .

Note that stratification reduces the sample size for each

equation. Note also that this reduction is a disadvantage

because the preferred situation is where one has the largest

possible sample size because it increases the precision of

parameter estimates, especially if mUlticollinearity is a

problem.

After taking note of these problems, suppose I decide

to pursue the second alternative. Accordingly, the first
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task that I must perform is to decide whether the difference

in (13-27) and (13-28) is only in the constant term or if

the slopes of the education and experience variables differ

also in both groups. If prior theory and empirical evidence

say that all the coefficients differ then I would have no

other choice but to go ahead and estimate the equations

separately because there is little benefit that can be had

by specifying (13-27) and (13-28) as a single "pooled"

model. However, if prior theory and evidence say that the

difference is only in the intercept then I can make use of

this information by collapsing the two equations as follows:

(13-29)

where NOTMSP is zero if male is married, spouse present-

otherwise, it is unity, and the equation is fitted to all

the males in the sample regardless of marital status.

The gains of pooling the sample as in (13-29) comes

from the increase in the precision of the estimates of

parameters that are restricted to be the same in the two

equations, e.g., f32 and f33 • The coefficients f32 and f33 are

more efficient in (13-29) than in (13-27) and (13-28)

because the parameter estimates for f3 2 and f33 in (13-29) are

estimated using all the information from the total sample

and hence are more efficient than corresponding parameter

estimates in (13-27) and (13-28).
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The researcher should also be constantly aware that he

can "pool" his data only if the error structures of the sub

populations in his data are the same. If the information

from prior theory and evidence says that the error

structures could be different between sUbgroups then the

researcher should take notice of this information by

testing for heteroscedasticity and making the appropriate

corrections.

Note that "popUlation" and "pooling" are two different

concepts. "population" is the set of all units that follow

the same causal relationship while "pooling" is essentially

the method or technique of specifying the behavioral

differences of different populations in one overall model.

Hence, it does not always follow that because two or more

populations are different that they cannot be "pooled"; two

or more populations may be "pooled" or not depending on

whether their behavioral differences can be successfUlly and

appropriately specified within an overall model.

Now, let me go back to my discussion on the earnings

model in (13-29). Suppose that I have additional knowledge

that earnings is also influenced by "control" variables

representing weeks worked in a year and place of residence.

Suppose also that the behavioral differences of the sub

populations represented by all the categories of these

variables differ only in the "intercept" (if separate
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equations were specified for each sUb-population).6

Accordingly, I can still specify these differences in one

overall model as follows:

( 13-30) Earnings = (31 + (32EDUC + (33EXP + (34NOTMSP + (3slnWW

+ (36RURALEQ1 + (37S0UTHEQ1 + E,

where InWW, RURALEQ1 and SOUTHEQ1 represent the weeks worked

and place of residence variables.

However, suppose I obtain information that the effects

of education and experience differ for the foreign-born and

the native-born. Suppose also that I obtain information that

the variable years since migration (YSM) affects the

earnings of the foreign-born (but not the native-born) .

Therefore, from such information I decide to estimate (13-

30) separately for the native-born and to specify the

following equation for the foreign-born:

(13-31) Earnings = (3\ + (32EDUC + (33EXP + (34NOTMSP + (35 1nWW

+ (36RURALEQ1 + (37S0UTHEQ1 + (38YSM + E.

The two equations in (13-30) and (13-31) may be

adequate for analyzing the determinants of the earnings of

6The assumption that two populations differ only in the
"intercept" is really an admission that one does not know very much
about the underlying cause of the behavioral difference between two
populations or that one cannot break out the separate elements of this
different behavior (Hanushek and Jackson 1977, p. 103). However, in many
cases, this difference may be the accumulated sum of the effects of so
many "little" variables that cannot all be specified in the model and
thus, the modeler may have no other choice but to assume that the
effects of all these variables are captured in the "intercept".
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the native-born and the foreign-born but suppose that I want

to test the hypothesis that says that effects of EDUC and

EXP are different for both the native-born and the foreign

born. Before I can proceed with the test I must determine

again whether the two equations have the same error

structures and whether the other variables have different

effects on earnings in the two equations. If prior theory

and empirical work say that the two equations differ only in

the intercept (aside from EXP and EDUC) then I can follow

the procedure in (13-18) and (13-19) and collapse the two

equations as follows (assuming that the error structures are

the same) :

(13-32)

where

Earnings = {31 + {32EDUC + {33EXP + {34NOTMSP + {35lnWW

+ {36RURALEQI + {37S0UTHEQI + {3gYSM + A,lFOR

+ A,2FOR*EDUC + A,3FOR*EXP + E,

FOR = 1 if foreign-born,

o otherwise.

The null hypothesis of equality of coefficients is

against the alternative that Ho is not true. The appropriate

test is the F-test (or Chow test) for relevance of

additional explanatory variables in (13-9).
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I wish to emphasize that the decision to pool depends

largely on considerations that deal with prior theory and

empirical evidence than with the results of statistical

tests. I am emphasizing this because many researchers seem

to misinterpret the Chow test as the ultimate test of

whether one can "pool" or not. The Chow test is simply a

test of the equality of coefficients of two or more

equations and the rejection of the null hypothesis in the

Chow test does not necessarily mean that all the

coefficients are different. Hence, the Chow test is a good

test for determining whether two or more data sets come from

different populations but it is a poor test for determining

whether two or more data sets can be pooled. Of course, the

Chow test is a powerful tool for helping one decide whether

to pool or not but the results of Chow tests per se are

meaningless if they are not interpreted within the context

of prior theory and empirical work.

To illustrate my point, I follow Pindyck and

Rubinfeld's (1981, pp. 123-124) discussion of this issue.

Pindyck and Rubinfeld suggest that when one is not sure

whether a given model applies to two data sets then one can

use the Chow test to resolve this problem by starting out

with the null hypothesis that the given model applied

separately to the two data sets are identical.? If the

7I assume here that what Pindyck and Rubinfeld mean when they say
that the two data sets could be different is that there is a possibility
that the two data sets do not follow the same behavioral relationship.
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Chow test rejects this hypothesis then the conclusion is

that they are not identical and the model must be estimated

separately for each data set. Pindyck and Rubinfeld's

illustration of this procedure is as follows. Suppose that

the following "identically specified" regression models are

estimated on two data sets:

(13-33)

and

(13-34)

+ ... + Cl:KXiK + €j (i=n+1,n+2, ... ,n+m).

Now, suppose that the Chow test is used to test the null

Accordingly, Pindyck and Rubinfeld conclude that

"rejection (of the null hypothesis) implies that two

separate regressions must be estimated: the data cannot be

pooled". However, this procedure is misleading if "one is

not sure whether a given model applies to two different data

sets" because the rejection of the above hypothesis does not

necessarily mean that all of the coefficients in the two

equations are different. For example, suppose I did not know

that some of the coefficients in (13-30) and (13-31) are

supposed to be equal and some are not and so I use Pindyck

Thus, I am assuming that possible differences is solely due to
"behavior" and not due to sampling or measurement problems in the two
data sets.
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and Rubinfeld's procedure to see if the two equations can be

pooled. Now, it is very likely that I will obtain an F-value

that will reject the null hypothesis of equality of all

coefficients because some of the coefficients are really not

equal. Consequently, I would have come to the wrong

conclusion that I would not gain anything from pooling the

two data sets because they describe different populations.

Another example is the situation in (13-27) and (13-28).

Suppose that I do not have knowledge that the coefficients

of the two equations differ only in their intercept and so I

use the above method to see if the two equations can be

pooled. Accordingly, it is likely that I will obtain an F

value that rejects the null hypothesis of equality of all

coefficients and so I will again come to the wrong

conclusion that two separate regressions must be estimated

when in fact I could have gained a lot more by specifying a

single equation. Hence, the problem here follows because of

Pindyck and Rubinfeld's interpretation that two data sets

cannot be "pooled" if the Chow test indicates that they are

represented by different behavioral models. However, note

that it does not always follow that because two or more

populations are different then then they cannot be "pooled";

two or more populations may be "pooled" or not depending on

whether their behavioral differences can be successfully and

appropriately specified within an overall model.
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However, if one has evidence that multicollinearity is

not a serious problem then the rejection of the null

hypothesis in the above Chow test is a very good indication

that the two data sets in (13-33) and (13-34) come from

different populations because the rejection of the null

hypothesis means that there is a very high probability that

at least one of the coefficients in (13-33) and (13-34) is

significantly different which implies that these models do

not describe the same behavioral relationship.

Let me discuss the situation where Pindyck and

Rubinfeld's procedure in (13-34) and (13-35) produces a Chow

test result that leads to acceptance of the null hypothesis

that the coefficients of the two equations are all equal. Is

it correct to assume that the two data sets come from the

same population and that they can be pooled and fitted with

either (13-34) or (13-35)? The answer to this question is

that the acceptance of the null hypothesis in the Chow test

does not give one the license to automatically conclude that

the two data sets come from the same population or that the

two data sets can be "pooled" and fitted with either (13-34)

or (13-35) because the acceptance of the null hypothesis in

the Chow test does not necessarily mean that all of the

coefficients of the two equations in (13-34) and (13-35) are

equal. Not rejecting the null hypothesis is not equivalent

to rejecting the hypothesis that at least one of the

coefficients in the two equations are different.
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The lesson that can be learned from the above examples

is that the decision to "pool" or not should be guided at

all times by prior theory or hypothesis and past empirical

work. If one is not familiar with the theory or past

empirical work then one should not attempt to do any

"pooling". The researcher should realize that the process

of "pooling" is no different from the other steps in model

building in the sense that one cannot just specify the

functional form of the model, specify the inclusion or

omission of variables, and so on, if prior theory and

empirical work does not justify it.

13.6 Examples from the Literature

The examples below are used to illustrate some of the

common mistakes that researchers make when they decide to

specify behavioral differences between sub-populations

within one overall model.

The regression results in Table 13.1 and 13.2 are taken

from Chiswick (1978a) and Long (1980). These earnings models

are the true counterparts of the earnings model that I used

as the basis of my discussion in the previous sections. The

models are estimated separately for males and females

because prior theory and empirical evidence have shown that

it is very difficult if not totally inappropriate to specify

the behavioral differences of males and females within one
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overall earnings model because of inherent differences in

their job market behavior.

Let me discuss first Chiswick's models. It is seen that

Chiswick specifies the following earnings model for the

native born and the foreign-born:

In Earnings = {3, + {32EDUC + {33EXP + {34 EXPSQ + {351n WW +

{36RURALEQl + {37S0UTHEQl + {3gNOTMSP + E,

In Earnings = {3. + {32EDUC + {33EXP + {34 EXPSQ + {35 1n WW +

{36RURALEQl + {37S0UTHEQl + {3gNOTMSP +

{39YSM + {3 lOYSMSQ + E,

where the variables are defined as follows: In EARNINGS is

the natural logarithm of annual earnings; EDUC is years of

schooling completed; EXP is labor market experience (age 

education - 5); EXPSQ is square of EXP; YSM is years since

migration; YSMSQ is square of YSM; and the control vector of

LN WW, RURALEQ1, SOUTHEQ1, NOTMSP represent natural

logarithm of weeks worked, dummies for rural-urban and

south/non-south place of residence and marital status.

Thus, one can see that the foreign-born equation includes

two variables, YSM and YSMSQ, which are not in the native

born equation.

Chiswick's "pooled equations" are labeled as C2, C3 and

C4 in Table 13.1. Consider equation C2. Note that C2 does

not include the YSM and YSMSQ variables. However, since

both equations C5 and C2 are applied to the same foreign-
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born data set then the foreign-born can only be represented

by one model which means that either C5 or C2 is

misspecified. Let me assume for the purposes of this

discussion that C5 is the one which is correctly specified

and that theory supports the specification in C5. Now,

consider C3. It is easily seen that C3 assumes that, except

for the constant term, the regressors common to both

equations have the same effect on earnings. C3 is

definitely an improvement over C2 because C3 includes all

the variables that are presumed by theory to affect the

earnings of the foreign-born. However, the problem with C3

is that C4 specifies that the effect of EXP on earnings is

different for the two groups. Again, only one of these two

specifications can be correct, if there is on~, since the

behavioral assumption of C4 directly contradicts the

assumption of C3. However, since Chiswick does not say

which of the three models is supposed to be the true one

then Chiswick is wrong to use the predictions of the three

models to support the different hypotheses that he

formulates because, obviously, all three cannot be right at

the same time if the assumptions of one directly contradict

the assumptions of the other.

Long's regression models in Table 13.1 also carry the

same problems as Chiswick's models. Note that L2 does not

include all the variables that are in L4. Again, since L2

and L4 are both fitted to the same data set then only one of
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the specifications can represent the true model. Note also

that the assumptions in L3 regarding the equality of

coefficients between the native-born and the foreign-born

equations are different from the assumptions in L2. Hence,

the problems in these equations are identical to those in

Chiswick's models which means once again that the results

from these equations are questionable because the

"correctness" of the different models have not been

rigorously established.

13.7 Summary and Conclusions

This study discusses the general issue of "pooling" of

cross-section data.

The discussion in this study argues that the results of

t-tests, F-tests and Chow tests cannot be used as an

effective criteria for pooling two or more data sets if they

are not used within the analytical structure provided by

prior theory and empirical work. Hence, the study concludes

that the decision to pool should be based largely on

considerations that depend on prior theory and empirical

work and less on the results of statistical tests. The study

shows also that "pooling" is no different from the other

steps in model building in the sense that one has to use

theory and empirical work to justify the decision to pool or

not. Accordingly, the study concludes that if one is not
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familiar with the theory and empirical work then one should

not attempt to "pool" two or more data sets.

The common mistakes in "pooling" that are shown in the

examples illustrate the need to let theory and prior

empirical evidence guide the analysis. Without prior theory

and empirical evidence, the researcher cannot interpret the

results of t-tests, F-tests and Chow tests and consequently,

the researcher cannot know when is it appropriate to "pool"

or when is it not appropriate to pool.
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TABLE 13.1
Regression Analysis of Earnings for Native- and

Foreign-Born Adult White Men, Aged 25-64 in 1970

NATIVE NATIVE AND FOREIGN-BORN FOREIGN
BORN
(C1) (C2) (C3) (C4) (C5)

EDUC .07154 .07058 .07004 .071q4 .05740
(53.78) (55.68) (55.18) (54.11) (12.93)

EXP .03167 .03050 .03071 .03097 .02028
(22.99) (22.86) (22.99) (23.10) (3.47)

EXPSQ -.00052 -.00049 -.00050 -.00051 -.00031
(-20.77) (-20.45) (-20.78) (-20.93) (-3.18)

FOR .02951 -.16359 .00990
(1. 75) (-4.32) (0.18)

FOR*YSM .01461 .01555 .01500
(3.98 ) (4.23) (3.87)

FOR*YSMSQ -.00016 -.0001:8 -.00019
(-2.47) (-2.79) (-2.82)

FOR*EDUC -.016]9
(-4.23)

LN WW 1.10335 1.10326 1.10169 1.1011:1 1. 07151
(81.75) (84.78) (84.70) (84.67) (21.97)

RURALEQl -.17222 -.16970 -.17080 -.16915 -.05821
(-20.28) (-20.25) (-20.39) (-20.18,) (-1.13)

SOUTHEQl -.12090 -.12620 -.12530 -.12389 -.21587
(-14.17) (-15.01) (-14.91) (-14.74) (-4.38)

NOTMSP -.30647 -.31078 -.30947 -.30874 -.34498
(-27.76) (-28.97) (-28.86) (-28.79) (-7.66)

CONSTANT -1. 03646 -1. 01537 -1. 00016 -1. 02156 -.78891

N 34,231 36,245 36,245 36,245 1,924
R2 .3071 .3075 .3084 .3087 .3387

Notes: T-ratios in parenthesis. Dependent variable is Inatural logarithm
of annual earnings. The control vector of LN WW, RURALEQl, SOUTHEQ1,
NOTMSP represent natural logarithm of weeks worked, dummies for
rural-urban and south/non-south place of residence and marital
status.

Source: Chiswick (1978a), p. 908.
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TABLE 13.2
Earnings-Equation Estimates for Native-born and

Foreign-Born Adult White Females, 1969

NATIVE NATIVE AND FOREIGN-BORN FOREIGN
BORN
(L1) (L2) (L3) (L4)

EDUC .07980 .07451 .07971 .03920
(37.13) (36.96) (37.29) (6.31)

EXP .00319 .00141 .00263 -.00691
(1.69) (.78) (1. 45) (-.95)

EXPSQ -.00001 .00003 .00000 .00015
(-.15) ( .84) (.13 ) (1.19)

FOR .13164 .65563
(6.14) (7.94)

FOR*YSM -.00398 -.00271
(-.89) (-.58)

FOR*YSMSQ .00010 .00009
(1. 34) ( 1.14)

FOR*EDUC -.04143
(-7.53)

LN WW 1.16057 1.15448 1.15513 1.06537
(133.01) (136.47) (136.74) (31.73)

RURALEQ1 -.10125 -.10386 -.10131 - .11097
(-8.27) (-8.60) (-8.39) (-1.55)

SOUTHEQ1 -.00798 -.01645 -.01316 -.14401
(-.69) (-1.45) (-1.16) (-2.54)

NOTMSP .16369 .15661 .15834 .07959
(13.85) (13.69) (13.86) (1. 79)

CONSTANT -2.01093 -1.89418 -1. 98125 -.86092
N 18,332 19,529 19,529 1,197
R2 .5392 .5351 .5366 .4983

Notes: T-ratios in parenthesis. Dependent variable is natural logarithm
of annual earnings. The control vector of LN WW, RURALEQ1, SOUTHEQ1,
NOTMSP represent natural logarithm of weeks worked, dummies for
rural-urban and south/non-south place of residence and marital
status.

Source: Long (1980), pp. 624-625.
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CHAPTER 14

ELASTICITIES AND REGRESSION MODELS: SOME

METHODOLOGICAL PROBLEMS

14.1 Introduction

To convey the importance of regression results,

researchers usually provide some measure that indicates the

relative importance of the independent variables in the

model or some measure that provides a way of comparing

variable effects both within and across regressions. One

common measure is the variable's elasticity. Elasticities

are simply the effect of a percentage change of an

independent variable on the dependent variable. The

elasticity of Y with respect to X2 , for example, can be

defined as the percentage change in Y divided by the

percentage change in X2 • Used quite frequently in economics

and business, elasticities have the advantage that they are

unit free. In general, large elasticities imply that the

dependent variable is very responsive to changes in the

independent variable. However, the measure is not immune

from interpretative difficulties. In the sections that

follow, I point out where these difficulties arise and in

some cases, I suggest alternative methods of computing

elasticity measures. In suggesting these alternative

measures, I do not claim that they are the "correct"
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measures but simply that they provide useful alternatives

for calculating elasticities whose appropriateness depends

on specific situations.

14.2 Elasticities and the Linear Model

The elasticity of Y with respect to X is usually

defined as (ay/aX) (X/Y) . For a linear model, the term ay/ax

is constant but the term X/Y varies from point to point,

which implies that the elasticities are not constant but

change when measured at different points along the

regression line. Hence, there is no problem, in general, if

one simply wants to calculate the elasticity at one point

but there could be interpretative difficulties if one wants

to calculate an elasticity value that is representative of

the whole sample of points. Frequently, the elasticities

are calculated at the point of the means of each of the

independent variables, but the appropriateness of this

depends on the specific situation. For example, in

forecasting, elasticities are likely to be more valuable if

they are evaluated at the most recent point, rather than at

the point of means (Pindyck and Rubinfeld 1981, p.91).

In addition, it is not appropriate to calculate

elasticities when variables are categorical, say race or

sex, because one cannot associate "percentage" or

"infinitesimal" changes with categorical variables.
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However, there is another method of calculating

elasticities that has not been explored by the econometrics

literature because it is an unusually tedious method. I

discuss this method, however, because this method is now

very feasible because of the enhanced capabilities of modern

computers. This method involves calculating the elasticities

at each sample point and then summing and averaging the

results to obtain an "average" elasticity for all the sample

points. As an illustration of this method, consider the

following linear model:

(14-1) y

Suppose Yi and Xli are the (actual) values of Y and XI for the

ith element or individual in the sample. Suppose also that

there are n elements in the sample. Suppose further that I

use the new method to calculate the elasticity of Y with

respect to the variable XI' Denoting the elasticity value by

E
ave

I ,

(14-2) Eave
I [(ay/axd (Xll/Y I ) + (ay/aX I ) (X I2/Y2 ) + •.• +

(ay/aXI ) (Xln/Yn) ) /n

However, suppose I compare (14-2) with the elasticity value

that is obtained at the point of the sample means of the

variables. Denoting the means of Y and Xl by Yand Xl and the
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elasticity value that is obtained at the point of the sample

means by E I mean, I can wr i te E Iave and Elmc"n as

(14-3) El
ave = b l ( [ (XlI/Y1 ) + (X12/Yz) + ••• + (Xln/Yn)] In) ,

= bl[(XlI/[n*Yd)+(XI2/[n*YzJ} + ••• +

(Xlnl [n*Yn]) ] ,

(14-4) E1
mcan = (ay;aX1) (XIiY) = b1[XdY],

It is seen from the above expressions that there is

implicit weighing for each of the values of XI in El
ave while

Elm~ gives equal weight to each of the individual values of

XI' The two expressions in (14-3) and (14-4) produce equal

values when XI and Yare perfectly linearly-correlated but

may give different values if XI and Yare not perfectly

linearly-correlated. It may be tempting to say that El
ave is a

better measure than E1llle,m because it derives its elasticity

measure from more sample points. However, one cannot really

conclude that E.ave is better because the appropriateness of a

particular elasticity measure depends on specific

circumstances. For example, in some circumstances, it may

be more appropriate to compute the elasticity "average" from

just a few sample points or to evaluate the elasticity at

the most recent sample point such as in "time series"

regression models. Hence, it is difficult to say which

method or measure is the best but it is important that the
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researcher know the strengths and limitations of each method

so that he can make the best decision as to which method or

measure to use in specific situations.

The choice of which elasticity method or measure to use

is much easier in linear models than in non-linear models

because of the property of linear models that the partial

derivatives are constant. For example, because of such

property the researcher does not have to deal with the

problem of whether to interpret the changes as

"instantaneous" changes or unit changes because both

interpretations yield the same results. To illustrate this,

consider the linear model in (14-1). Suppose I wish to

calculate the predicted change in Y resulting from a unit

change in x.. Denoting this change as t:. Y/ t:.X1 , I get

(14-5) t:.Y/t:.X 1 = ([bo+bl(Xl+1)+b2X2+ ... +bkXd-[bo+bdXI+1)

+b2X2+ +bkXd) / (X1+1-X1)

Hence, (14-5) shows that the "partials" and the "deltas"

produce the same results. The "deltas" are especially useful

for interpreting the changes in categorical variables

because use of the "partials" seems inappropriate for

interpreting changes in categorical variables.
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14.3 The Measurement of Elasticities in the Binary Logit

Model

It is appropriate to discuss the application of

elasticities to the binary logit model because the binary

logit model provides all the necessary examples that

illustrate the interpretative difficulties of elasticity

measures.

To proceed with my discussion, I first specify the

properties of the binary logit model.

Suppose that Y is a binary variable which takes on a

value of either 0 or 1. Suppose also that XI' X2, Xk are

the predictors of Y. Then the binary logit model is

specified as follows:

(14-6) P

=

111+exp [- (bo+b tX(+b2X2+... +bkXk) ]

exp (bo+b(XJ+b2X2+... +bkXk )

where P=P(Y=1) .
1+exp (bo+btXI+b2X2+' .. +bkXk)

If the parameters of the model are estimated by maximum

likelihood method then it can be shown that the sum of the

estimated probabilities (for each observation in the sample)

is equal to the number of observations in the sample for

which Y=1. Hence, P in (14-7) below should equal the

proportion of observations in the sample for which Y=1.

(14-7) P = ~Pi = (~j[1/1+eXp[-(bo+bIXli+b2X2i+ ... +bkXki)])/n,

where n is the number of elements or units in the sample,

Xli' X2i'.··' Xkj are the values of Xu XU"" Xk for the ith
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respondent in the sample and Pi is the predicted P value of

the ith respondent in the sample.

It can be shown also that the partial derivative of P

with respect to any of the exogenous variables ~ is:

(14-8)
exp- (bo+blXl+b2X2+' .. +bkXk)

*
[1+exp- (bo+blXl+b2X2+' .. +bkXk) ) 2

= ~P(1-P), for j=1, ... k.

Researchers usually prefer to analyze the results of

the binary logit model when it is in the form given in

(14-6) than in "log odds" form or "odds" form because of

the obvious reason than in most studies it is the

probabilities which are the focus of the analysis. However,

researchers are not only interested in the estimated

coefficients of (14-6) but also in measures that compare the

effects of the different variables on the probabilities.

Again, one of the commonly used measures to analyze these

effects are the variable elasticities. I Unfortunately, the

measurement and interpretation of these elasticities are

fraught with difficulties. Consider, for example, the

definition of "point elasticities" of the model in (14-6).

The elasticity [of P with respect to ~) at any point is

defined as (ap/a~) (~/P). However, the expression in (14-8)

shows that it is not only the term (X/P) which vary from

'See, for example, Fernandez et ale (1989), Partes (1984), and
Rexroat and Shehan (1984).
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difficult to compute these two terms if the researcher is

interested only in the elasticity at a specific point, say,

at the point corresponding to the ith element of the sample,

because all he needs to do to obtain the elasticity measure

is to substitute the values of Xji and Pi in (dP/axj ) (Xj /P) and

he is done. However, if he is interested in an elasticity

measure that summarizes or represents the attributes of the

sample as a whole then using a single point as a basis for

the measure may not really be appropriate. Let me discuss,

for example, the merits of that common practice of many

researchers of using the point of the means of the

independent variables as the basis for the measure. Suppose

I use the point of the means of the independent variables to

calculate the elasticity of P with respect to the variable

Xl. Denoting the predicted value of P that correspond to the

means of the ~s by pm and the elasticity value that is

obtained at point of the means [of the independent

variables) by Elmcan, I get

(14-9a)

= b l (Xd (l-pm
) ,

or as,
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To compare EI~u with the elasticity values that are

obtained at other points in the sample, I evaluate the

elasticity [of P with respect to XIJ at the point

corresponding to the ith respondent (or unit) in the sample

and denote the elasticity value as Eli.

(14-10 )

Thus, it is seen from (14-9) and (14-10) that the only

common thing between E mean
I is the direction

of the elasticities; the magnitude of El
l11c:m is different

from magnitudes of the EliS and Elmean is not linearly-

related to the Elis. It is seen also from (14-9b) that E mean
I

cannot be interpreted as the "average" of the E1iS. Hence,

E/"ean cannot represent the effects of the variable XI across

the whole sample because the value of Ell11ean pertains only

to one point--the point of the means of the independent

variables--and to no other. Of course, Elm~ can be used to

infer the direction of the effect of XI on P but such

information can be obtained directly from the coefficient of
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Xl in (14-6) without having to estimate the elasticities.

consequently, using the value of E l
mo

•n or any other

elasticity value that is based on a single point to compare

variable effects both within and across regressions may

produce misleading results because each of these elasticity

values do not really give a complete description of the

effects of the variables across the whole sample.

The problem of finding an appropriate measure that can

be used to compare variable effects for the binary logit

model in (14-6) has preoccupied researchers for a long time.

For example, Partes (1984) and Rexroat and Shehan (1984)

used the sample mean of the dependent variable [P in 14-7]

to evaluate the "partial effects" in (14-8). These authors

assumed that use of P in (14-8) gives a reasonable estimate

of the effects of the different variables on P. For

example, the effects of the variable Xl on P in (14-6)

should be calculated as follows:

or as

The main weakness of the estimate in (14~11) is that it

is not unit-free. Hence, one cannot use the estimate in

(14-11) to compare the effects of XI with the effects of

the other predictor variables. Another weakness of the

estimate in (14-11) is that it assumes that the partial
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effect of Xl is constant when it is not. In addition, the

decompositions in (14-11b) indicate that the estimate cannot

be interpreted as the average effect of Xl on P since

(14-11b) shows that the estimate is not linearly-related to

the other values of ap/ax. that are measured at other points

in the sample.

Petersen (1985) also criticized the accuracy of the

estimate in (14-11). Petersen argued that (14-11) is

inappropriate for categorical variables such as sex or race

because one cannot associate "infinitesimal" changes with

categorical variables. Accordingly, Petersen suggested that

predicted effects should be measured by calculating the

change in the probability resulting from a unit change in

the independent variable. For example, the effect of a unit

change in Xl on P in (14-6) should be calculated as

(14-12) tiP = [exp (L I ) / l+exp (Lt> ] - [exp (Lo) / l+exp (La) ] ,

where Lo = In [ P /1-P] ,

L. = La + b l •

Petersen's measure in (14-12), however, has the

drawback that it carries the implicit assumption that the

effect of XI on the probabilities is constant, when in fact

the effect of Xl varies from point to point. In addition, it

can be shown that the tiP in (14-12) is not the average and

is not linearly-related to the tiPS that are measured at

other sample points, which means that there is really no
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guarantee that the AP in (14-12) can be a good approximation

of the effects of Xl on P across the whole sample because

the measure pertains only to one point. 2

The technique used in the previous section of

calculating elasticities at each sample point and then

summing and averaging the results to obtain an "average"

elasticity for all the sample points can also be used here.

As an example, suppose I use this method to calculate the

elasticity of P with respect to the variable XI. Denoting

the elasticity value by El
lIW

, I obtain

(14-13)

The elasticity estimate in (14-13) is prqbably more

accurate than the other elasticity measures because the

estimate in (14-13) is derived from more sample points. The

measure in (14-13), however, is not also free from

interpretative difficulties because it is difficult to give

meaning to the process of summing up "point elasticities"

which are calculated as "instantaneous" changes from point

to point. Hence, the measure in (14-13) should not be

approached as the "correct" measure but simply as a useful

alternative for calculating elasticities whose

appropriateness depends on specific circumstances.

~I introduced a new method in Chapter 6 of this dissertation which
can be used to calculate the 6PS of the different variables. This new
method is more precise than the method in (14-7) because it calculates
the 6PS at each sample point and then sums up and averages the results
to obtain an average 6P.
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14.4 Elasticities and Applications in the Field of

Economics

The preceding discussion on elasticities have very

important implications for all sorts of economic analyses

since the use of elasticities and non-linear regression

models are very common in almost all types of economic

research.

The use of elasticities and non-linear models are very

often encountered in economic research that seeks to obtain

estimates of the parameters of production processes or to

obtain estimates of the parameters of consumer demand

functions for certain commodities. Non-linear models and

"non-constant elasticities" often arise in this kind of work

because many economic researchers choose to work with non

linear functional forms that do not impose too many a priori

restrictions on economic parameters. There are many linear

and even some non-linear forms that are convenient for

estimation but these forms impose serious and unrealistic

restrictions on the economic parameters such as the Cobb

Douglas or CES forms which either restrict the "elasticity

of sUbstitution" to be constant or the same for each pair of

factors. For purposes of estimation, these researchers

choose to specify functional forms that are highly flexible

but which are fairly easy to estimate and which do no impose

too many a priori restrictions on the economic parameters of

interest. Some of the functional forms that satisfy these
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requirements include, among others, the generalized Leontief

function, the trans log function, and the generalized Cobb

Douglas.

Most of these functions, however, generate demand

functions that are non-linear and "elasticities" that vary

from point to point. Hence, the arguments that were raised

in the preceding sections about the possibility of producing

misleading results if the elasticities are measured at a

single point have relevant implications for economic

analyses that use non-linear functional forms to study

economic behavior. To illustrate these implications in more

detail, I discuss the works of Kim (1988) and Berndt and

Wood (1974).

Kim (1988)

Kim (1988) use the translog-LES (Linear Expenditure

System) indirect utility function to analyze the demand for

education within a multicommodity framework for annual U.S.

consumption expenditures for the period 1958-82. In his

model, Kim specifies four groups of commodities for the

representative consumer: durables (XI») , nondur-abLes (XN ) ,

education (XE) , and services other than education (Xo) , with

associated prices PD, PN , PI" and Po, with a given income M.

The indirect utility function is of the form:

(14-14) In V = 2:: jCi)n[P;/ (M-2::kbkPd] +

(1/2)~i2::Pij(ln[P;/(M-2::kbkPk)]) (In[p;/(M-2::kbkPk)])

+ 2::;'Yit1n ([P;/ (M-2::kbkPk ) ] [t]) ,
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where i,j,k=D,N,E,O; and ~ij=~~ due to symmetry; t is a taste

shift variable represented by time; and M=2:: jP jXj, income or

total expenditures on the four commodities.

Application of Roy's identity generates the following

consumer demand functions:

( 14 -15 ) Xi = b i +

or in expenditure share form:

(14-16) Sj -- +
M M

(14-18) 17ij

The own (17ij) and cross (17jj' i~j) price elasticities and

income (17iM) elasticities of demand are obtained from

(14-15) by taking logarithmic derivatives of (14-15) with

respect to prices and income. Thus,

(14-17) 17ii = -1 + (l/S;) [(bjP;/M)-(biP;/M) [G: j+2::PijlnPj+Yi,t]

- ( [ (M-2::kbkPk) /M] Wi;] ) J,

(1/ Sj) [- (biP;/M) [G:j+2::j~ijlnPj+/'i,t]

- ([ (M-2::kbkPk) /M] [~jj]) ] ,

(14-19) 17jM = 1 + (l/Sj) [-(bjP;/M)-(L:kbkPk/M) (G: j+2::pjjlnpj+/'i,t)].

Kim then uses the point of the sample means of the

variables to evaluate the elasticities in (14-17), (14-18)

and (14-19) for the four commodities. In particular, Kim

obtains an estimate of 1.33995 for the income elasticity of

education demand which is slightly higher than estimates
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produced by other studies, and an own price elasticity of

education of -1.31019 which is markedly higher than those

of other studies.

However, Kim's use of the point of the sample means of

the variables to evaluate the elasticities raises questions

on the accuracy of his results because it can easily be seen

from (14-17), (14-18) and (14-19) that the elasticities vary

from point to point and that the elasticity value at the

point of the means is not linearly-related and is not the

average of elasticity values that pertain to other sample

points.

Kim's elasticity estimates could be accurate if the

elasticities from point to point were actually concentrated

in a narrow range but if the elasticities from point to

point are spread over a wide range then Kim's results could

be misleading because his elasticity estimate--that is

derived from one single point--could lie anywhere in that

range, i.e., it could be in the lower end or it could be in

the upper end of that range. To see how this possibility can

arise, consider the "simplified" two-dimension figure below

where Y is the elasticity estimate and X is the point where

the elasticity function is evaluated. If the elasticity

function is linear, then the point of the mean of X

corresponds to the mean of Y. However, if the elasticity

function is non-linear, then it is possible for the point of

the mean of X to correspond to Y' or to Y" in the figure.
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y"

y

y'

In addition, the use of only one point at which to

evaluate the elasticities provides very little information

on the stability of the elasticity estimates--whether

elasticities are found in a narrow range or in a wide range.

Such information is very important to policy analysis

because some pOlicy tools work only in very specific

circumstances.

The use of one single point to evaluate elasticities in

these models is not appropriate because it ignores the fact
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that the elasticities in these models are not constant. In

addition, it is restrictive because it fails to utilize all

the information that can be obtained from other points. If

the purpose of these "non-restrictive" models is to avoid

the restrictions imposed by such functional forms as the

Cobb-Douglas and the CES then the researcher should utilize

all the information that can be had from these models and

not impose restrictions on how to evaluate the elasticities

to guarantee that results are better than what can be

obtained from the Cobb-Douglas or the CES functional forms.

Berndt and Wood (1975)

I now discuss the work of Berndt and Wood (1975).

Berndt and Wood's results indicate that the use of more

sample points in evaluating elasticities gives more credence

to the results of the analysis.

Berndt and Wood examined substitution possibilities

between energy and non-energy inputs for United states

manufacturing for the period 1947-1971.

The production function in Berndt and Wood's study

relates the flow of gross output Y to the services of four

inputs: capital (K), labor (L), energy (E) I and all other

intermediate materials (M).

To estimate the various technological pa~ameters, they

choose to employ the trans log cost function. Letting G

represent total cost I and PK I PI.t PEl and Pill as the input

prices of K, L , E, and M, their cost function is as follows:
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Application of Shepard's Lemma generates the factor

shares:

(14-21) M· = (P.i) jG = o. + ~·"V·.lnP.,
I I 1 JftJ J i,j=K,L,E,M.

The Allen partial elasticities of substitution (AES)

between inputs i and j are:

(14-22) a;
11 i=K,L,E,M,

i,j=K,L,E,M.

The price elasticity of demand for factors of

production are:

(14 - 24 ) E ij = Mp ij , i,j=K,L,E,M.

Berndt and Wood evaluate the AE3 and the price

elasticity of demand for the different factors at each point

in the sample. They found that their estimated aij and their

Eij are stable over the 1947-1971 time period--the values are

concentrated in a narrow range. From such results, Berndt

and Wood conclude that "energy demand is responsive to a

change in its own price--the own price elasticities E~ are

about -.47; energy and labor are slightly substitutable--the

estimated aLE are about 0.65," and so on.
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It is apparent from Berndt and Wood's study that giving

an overall view of how elasticities compare at all sample

points increases the usefulness and the credence of the

analysis. Hence, their study suggests that in presenting

elasticity values for non-linear models, the researcher

should at least provide the following: the minimum

elasticity value and the sample point from whence that

minimum elasticity value comes from, the maximum elasticity

value and the point from whence that elasticity value

originates, the elasticity value at the point of the means

of the variables, and the average elasticity value for all

the sample points. The technique used in the previous

section of calculating elasticities at each sample point and

then summing and averaging the results to obtain an

"average" elasticity for all the sample points can be used

to compute the average elasticity value.

The elasticity values that are required should not be

difficult to obtain even if the sample is a cross-section

sample that consists of thousands of units or elements

because these elasticity values can easily be processed by

modern computers. A program written in SAS or SPSS to obtain

the maximum or the minimum or the average should not take

more than 15 statements and the computer costs should be

negligible because the process involved in obtaining them

requires simple substitution and summation procedures.
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14.5 Summary and Conclusions

This study examines the methodological difficulties

that are commonly encountered in the use and evaluation of

elasticities in regression models. The study finds that

elasticity measures are not immune from interpretative

difficulties especially when these measures are derived from

non-linear models.

This study also reviews the practice of many

researchers of using the point of the means of the variables

to evaluate elasticities. The study concludes that such a

practice is inappropriate if the "point elasticities" that

are derived from the model vary considerably from point to

point because the use of only one point may not give an

accurate picture of the true effects of the different

variables across the whole sample. The study argues that the

use of only one point at which to evaluate the elasticities

provides very little information on the stability of the

elasticity estimates--whether elasticities are found in a

narrow range or in a wide range. The study further argues

that such information is very important in policy analysis

because some policy tools work only in very specific

circumstances.

Consequently, the study suggests that in presenting

elasticity results for non-linear models the researcher

should at least provide the following information: the

minimum elasticity value and the sample point from whence
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that minimum elasticity value comes from, the maximum

elasticity value and the point from whence that elasticity

value originates, the elasticity value at the point of the

means of the variables, and the average elasticity value for

all the sample points.
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CHAPTER 15

ACQUISITION OF LANGUAGE SKILLS: EFFICIENT

READAPTATION OF PRE-MIGRATION HUMAN CAPITAL

15.1 Introduction

The impact of English language proficiency on the

economic progress of immigrants has been the sUbject of much

research in recent years. This research, however, is focused

almost entirely on examining the impact of English language

fluency on labor market outcomes, such as earnings and

occupational attainment. I Very little attention has been

given to factors that influence or motivate immigrants'

decisions to invest in language skills. It seems that most

studies on English language proficiency have ignored the

fact that the process of acquisition of language skills is

not static but a dynamic process that may vary

systematically with the immigrant's economic and demographic

characteristics.

This study addresses these problems by investigating

the determinants of post-migration investment in English

language training of Korean and Filipino immigrants in the

u.s. These two groups provide an excellent case study

because of their unique experiences vis-a-vis the English

language. The Philippines is unique because of its status

'See, for example, McManus, Gould and Welch (1983), Grenier (1984),
Reimers (1983, 1985), Kossoudji (1988), Tainer (1988), Rivera-Batiz
(1990a) and Chiswick (1991a).



449

as a former colony of the u.s. and its extensive use of

English as a second language. On the other hand, although

Korea has had a long history of friendly relations with the

u.s., its exposure to the English language is very limited.

15.2 Description of the Data

The data for this study are drawn from the 1986 status

Adjusters Survey. This survey was conducted by the East-West

Center population Institute in 1986 with the cooperation of

the Immigration and Naturalization Service (INS). The

respondents in the survey were all adult (ages 18-65) Korean

and Filipino "status adjusters,,2 who adjusted to immigrant

status in the united States during the last six months of

1986. The survey generated responses from 549 Koreans and

1,565 Filipinos, representing 14% and 17% of the calendar

year 1986 adult status adjuster populations, respectively.

Unique in this survey is a question which asks respondents

whether they had undertaken English language training.

15.3 Determinants of Post-migration Investment in English

Language Training of Immigrants in the u.s.

Mincer and Ofek (1982) expressed the view that the

initially lower wages of immigrants compared to natives and

~"Status adjusters" are those who are issued immigrant visas while
they are in the United States on nonimmigrant visas (tourists, students,
business visitor, temporary workers, and so on). Status adjusters
comprise a big percentage of legal immigrants to the United States. In
1986, 25 percent of the cohort of Filipino immigrants and 18 percent of
the Korean cohort of ages 18-69 were status adjusters.
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the following initial rapid growth are in part a reflection

of their efficient readaptation ("repair") of their pre

migration human capital. The extension of Mincer and Ofek's

hypothesis to the acquisition of English skills by

immigrants in the U.S. is at once apparent because most

immigrants--majority of immigrants to the U.S. come from

countries whose native language is not English--need

additional English skills to be able to make good use of

their pre-migration skills in the U.S. labor market. For

example, an immigrant who is regarded as an excellent

teacher in his country of origin may not even qualify for a

teaching position in the U.S. if his level of English

proficiency is very low. However, once the immigrant begins

to acquire English skills it is likely that the rental value

of his human capital stock will experience a steep rise back

to its normal rate. Consequently, if Mincer and Ofek's

observation is correct that efficient readaptation of

previously acquired human capital stock is an important part

of the immigrant success story in the U.S., then it must

also be the case that the acquisition of English skills is a

primary component of the "repair ll process.

It readily follows from Mincer and Ofek's hypothesis

that country of birth is an important determinant of

investment in language skills. Immigrants who are less

exposed to English--such as immigrants from non-English

speaking countries--are more likely to invest in English
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language training because it is likely that they will

experience the greatest proportional rise in the rental

value of their human capital stock as a consequence of

their acquisition of English skills. 3 Immigrants from

countries who are former colonies of English-speaking

countries or who use English as a second language may also

find it easier (and thus cheaper) to acquire language

skills.

The nature of the immigrant's pre-immigration training

and experience may influence his decision to invest in

dominant language skills in many ways. Presumably, if the

immigrant's pre-migration experience is appropriate for

occupations that require only specific language skills or

that needs little in the way of communicating with fellow

workers, then it is likely that the immigrant will search

for similar occupations in the U.S. and invest minimally in

English language training. However, if the immigrant's pre-

migration occupation is "equivalent" to occupations in the

U.S. that require fluency of the English language, then it

is likely that the immigrant will undertake intensive

training in the English language to reap the full benefits

of his training in his country of origin in the U.S. labor

market.

3Th i s follows from the assumption that the market productivity of
human capital stock is greatly reduced for those who are less fluent in
English skills but that the subsequent rise in the rental value as a
result of acquisition of English skills is also steepe~t for those who
are less fluent.
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However, in some cases, the immigrant may choose not to

invest in dominant language skills because he is able to

engage in an economic activity where the penalty for English

deficiency is small. This could happen, for example, if the

immigrant engages in self-employment or start his own

business and hire people that speak his former country's

language. The immigrant could also work in an ethnic enclave

where he may need only a few words in English to go about

his work or conduct his business.

The relationship between pre-migration education and

the decision to invest in dominant language skills is

difficult to define because the causality can go in both

directions. The relationship is negative if one assumes that

those with more years of schooling would have 'more English

language skills and hence, would have less incentives to

invest in the acquisition of language skills. However, the

relationship could be reversed if more years of schooling

increases one's ability of acquiring other forms of human

capital in the destination country such as language. It is

also possible that those with more years of schooling would

need more dominant language skills since they may opt for

employment in high-paying occupations that require high

levels of English language fluency.

Incentives to invest in dominant language skills also

vary with age at arrival of the immigrant. Immigrants who

come in their pre-adult years are likely to develop very
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high levels of English proficiency--through schooling,

through their efficiency in acquiring new language skills,

and so on. Adult migrants, however, are not likely to

encounter a vigorous "English-proficiency enhancing"

environment and hence would have a greater need for language

training to improve their English skills. Furthermore,

because of the shorter pay-off period, one would expect

investment in language skills (among adults) to decrease

with age.

Also important in determining the differentials of

post-migration investment in language training of immigrants

is the degree by which immigrants' have assimilated

themselves in the U.S. In this context, duration of

residence in the U.S. could serve as an indicator of

assimilation. In his stay in the U.S. the immigrant should

have at least gone through the many phases of assimilation

which could be in the form of socialization with English

speaking friends, watching English-language television

programs, reading English language newspapers and many more.

Thus, it is expected that the longer the immigrant goes

through this process, his proficiency in English will also

increase. As his proficiency in English increases, it is

also likely that his need for English language training will

also decline.

other factors that may influence investments in

dominant language skills--as suggested by previous
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research--include: expectation of remaining in the host

country, marital status, presence of young children and visa

status upon entry.4

It is likely that the immigrant's incentive to acquire

dominant language skills will be inversely related to his

expectation of remaining in his host country. Other things

the same, the higher the probability of return migration in

the near term, the weaker the incentives for investment in

dominant-language skills.

Marital status and presence of young children may

affect incentives to invest in dominant language skills

through an exposure factor. Those who are married to persons

of the dominant language group is unlikely to invest in

language training. Furthermore, immigrants with young

children may be exposed to a favorable "language-learning"

environment through contacts with their children or they may

attempt to speak more of the dominant language to hasten the

process of assimilation of their children in their new

countries.

Finally, investments in language training may also vary

with type of entry visa. Aliens who corne on student visas

are expected to invest more in English language training

since adequate English skills is a necessity in American

schools. In addition, aliens who corne with "wor'k " visas are

likely to have a higher probability of investing in language

4Se e veltman (1983, 1988) and Chiswick and Miller (1991).
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training than those who come on "non-work" visas since the

former would have more need of language skills in order to

find employment in the u.s. labor market.

15.4 Investment in English Language Training of Female

Korean and Filipino Immigrants in the u.s.

15.4.1 The Model

I construct a model of investment in English language

training of immigrants in the u.s. by assuming that the

immigrant's demand for English language training is

independent of his demand for other comrnodities. 5 Hence, I

specify the following "reduced form" model:

(15-1)

where P(Yi=1) is the probability that immigrant i invests in

English language training and Xi is a vector of exogenous

variables affecting costs and benefits of English language

training. variables that may affect these costs and returns

were discussed in the preceding section.

5Th i s assumption is a good one to use here because of the
likelihood that immigrant's decision to invest in language training is
primarily motivated by his need for English language skills as a means
of repairing and restoring his previously acquired hum~n capital in his
country of o:cigin and the likelihood that the "price" of English
language training is small compared to the price of ot~er commodities.
It is possible, however, that substitution possibilities may exist
between U.S. schooling and language training because an immigrant can
obviously obtain some form of language training while in school.
However, the inclusion of variables for visa status upon entry in the
model should control for these substitution possibilities.



456

Consequently, I assume that the following binary logit

model adequately represents the reduced-form function in

(15-1) .6

The binary dependent variable is ENGTRNG where

ENGTRNG=l when immigrant willfully takes step~ to engage in

English language training, 0 otherwise. Thus,

In[p/l-p] = {3o + {31YSPM + {32YSPMSQR + {33AMIG + {34S0UTH +

{3sMETRO + {36MS + {37YSM + {3xYSMSQR + {39NOWORKVF +

{3IOSTUDENTF + {3IlNOOCCUPB + {312MENIALB +

{313BLUECOLB + {314WHITCOLB + u

where p is the probability that ENGTRNG=l; YSPM is years of

schooling prior to migration; YSMPSQ is square of YSPM; AMIG

is age at migration; MS=l if married, 0 otherwise; YSM is

years since migration; YSMSQ is square of YSM; NOWORKVF=l if

first entered the u.s. on a "not authorized for employment"

nonimmigrant visa (other than a student visa), 0 otherwise;

STUDENTF=l if first entered u.s. on a student visa, 0

otherwise; and the omitted dummy variable for type of entry

visa is WORKVF where WORKVF=l if first entered the U.s. on

6The basic assumption of the binary logistic model are as follows:
Suppose that the dependent variable y is a binary variable taking
values of either 0 or 1. Let p be the probability that y=1. With XI'

x 2 ' ••• , x~ as predictors of y, the logistic regression model specifies
in [p/1-p) = bll + b.x, + b2x 2 + ••• + bL.x~.

The model is fitted to the observed data by maximum likelihood methods.
The estimated coefficient ~ measures the amount of change in logarithm
of the odds for the response y=l associated with one unit change in ~.

The positive coefficient b j is associated with higher probability of
getting y=1 when the value of the factor ~ increases. For more
details, see Aldrich and Nelson (1984) and Maddala (1983).
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an I!authorized for employment" nonimmigrant visa, 0

otherwise;? METRO=l if immigrant lives in a large

metropolitan area, 0 otherwise;8 SOUTH=l if immigrant lives

in one of the 17 Southern States, including the District of

Columbia, 0 otherwise; NOOCCUPB=l if immigrant was not

working in Korea/Philippines when left for the U.S., 0

otherwise; MENIALB=l if immigrant was working in a menial

job in Korea/Philippines when left for the U.S., 0

otherwise; BLUECOLB=l if immigrant was working in a blue

collar job in Korea/Philippines when left for the U.S., 0

otherwise; WHITCOLB=l if immigrant was working in white

collar job in Korea/Philippines when left for the U.S., 0

otherwise; and the omitted dummy variable for type of

occupation in Korea/Philippines when left for the U.S. is

PROFB where PROFB=l if immigrant was employed in a

professional or technical or managerial job in the

Philippines when left for the U.S., 0 otherwise. For the

71 divided the classes of entry visas for nonimmigrants into three
categories. First category are for those visas whose holders are
permitted to work in the u.s. Second category are for those who come on
student or F-l visas. Third category are for those vis~s whose holders
are not permitted to work in the u.S. Nonimmigrants with student visas
may be permitted to work on a limited basis off-campus after the first
year. The visas in the first category include: A (Foreign Government
Officials); B-1 (Visitors for Business); G (Officials of International
Organizations; I (Foreign Media); E (Treaty Traders & Investors); H-1,
H-2, H-3 (Temporary Workers & Trainees); J (Exchange Visitors); K
(Fiancees of u.S. Citizens); and L-1 (Intracompany Transferees). The
visas in the third category include: B-2 (Visitors for Pleasure); C
(Aliens in Transit); F-2 (dependents of F-1); H-4 (Dependents of H-1, H
2 & H-3); and L-2 (Dependents of L-l) (Leibowitz 1983, p. 7-2).

8Large metropolitan area follows Bureau of Census definition of a
Standard Consolidated Statistical Area (SCSA). Many of these
metropolitan areas include places in the u.S. where there are large
concentration of immigrants, e.g., Los Angeles-Long Beach-Anaheim, New
York-Newark-New Jersey, and Miami-Fort Lauderdale.
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pooled sample of Korean and Filipino status adjusters, I add

a dummy variable KOR for ethnicity where: KOR=l if female

is Korean, a otherwise. [Table 15.1 provides a list of all

the variables used in this study.]

15.4.2 Empirical Estimates

The model was applied to all adult female immigrants in

the SAS data set. The means of the variables are given in

Table 15-1. The logit results are displayed in Table 15-2.

(The equations were estimated by the maximum likelihood

procedure. All equations passed the Chi-Square test at the 5

percent level. T-statistics are enclosed in parenthesis

below each coefficient. Significant coefficients at the 5

percent level are indicated with an asterisk.)

The results in Table 15-2 support the hypothesized

relationship between country of birth and investment in

dominant language skills. Koreans--whose exposure to the

English language is limited--invest more in language

training than Filipinos.

Although not significant, the "occupation" variables in

the Korean equation seem to exhibit the correct signs. The

results indicate that Koreans who were formerly employed in

menial and blue collar occupations are less likely to invest

in language training than those who were formerly employed

in higher status occupations. This is consistent with the

previous explanation since it is likely that the
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"equivalent" of these occupations in the U.s. are

occupations that require high levels of English fluency.

On the other hand, the "occupation" variables in the

Filipino equation indicate that Filipino women who were

employed in white collar, blue collar and menial jobs in the

Philippines are more likely to invest in language training

than those who were employed in professional, technical and

managerial jobs. This result is not surprising because

Filipinos in the latter categories usually have more

education and more English skills, on the average, than

Filipinos employed in the former categories.

The negative coefficient of the YSPM variable in the

equation for Filipinos suggests that more years of

schooling in the Philippines translates into more English

language skills and thus, lessening the incentives to invest

in English language training. However, the results for the

Koreans indicate reverse causation. The relationship

between schooling and the probability of investing in

language training increases until about thirteen years of

schooling, from which the probability begins to decline with

more years of schooling. This result suggests that more

years of schooling in Korea also translates into more

English skills although the level of English proficiency

acquired in school is generally not sufficient and thus, the

result that the likelihood of investing in additional
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language skills is still positive even for those who have

completed high levels of schooling.

Visa status upon entry and age at arrival exercise

strong influence on the incentives to invest in English

language training. Koreans and Filipinos who come on student

and "work" visas are more likely to invest in English

language training than those who come on "non-work" visas.

In addition, the results indicate that post-migration

investment in English language training of adult immigrants

varies negatively with their age at migration.

The coefficients of the variables representing years

since migration exhibit the correct signs for Koreans. That

is, they indicate that the likelihood of investing in

language training (in a particular year) decreases with each

additional year in the u.s.

The results also indicate that marriage increases

Koreans' likelihood of investing in language training while

it is the opposite for Filipinos. The reasons for these

results are not clear but the significance of the effects

indicate that they are probably related to "exposure"

factors in the country of origin.

15.5 Investment in English Language Training of Male Korean

and Filipino Immigrants in the u.s.

15.5.1 The Model

I study the determinants of post-migration investment

in English language training of male Korean and Filipino
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immigrants in the U.S. by fitting the binary logistic

regression model to the sample consisting of adult male

Korean and Filipino immigrants from the SAS data set. The

model that I employ is similar to one that was used earlier

for female immigrants. 9

15.5.2 Empirical Estimates

The model was applied to all adult male immigrants in

the SAS data set. The means of the variables are reported in

Table 15.4. The logit results are displayed in Table 15.5.

(The equations were estimated by the maximum likelihood

procedure. All equations passed the Chi-Square test at the 5

percent level. T-statistics are enclosed in parenthesis

below each coefficient. Significant coefficients at the 5

percent level are indicated with an asterisk.)

The results in Table 15.5 are not very encouraging

since there are few coefficients in the regression equations

which are significant. lU

The pooled regression shows that the coefficient for

the AMIG variable is negative and significant. This is

consistent with my earlier hypothesis that post-migration

9r concluded that use of a similar model is reasonable because r
can find no compelling reason that suggests that the determinants of
post-migration investment in language training are distinctly different
for male and female immigrants. Furthermore, the inclusion of "children"
variables in the model such as number of living children produced
coefficients for the "children" variables that were insignificant in
both the male and female samples.

IOThe relative insignificance of many of the coefficients is
probably due to the small number of Koreans and Filipinos in the sample.
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investment in English language training of adult immigrants

would fall with their age at migration. I also find that,

holding other variables constant, Koreans invest more in

English language training than Filipinos. Again, this is

consistent with the hypothesis that immigrants from non

English speaking countries invest more in English language

training than immigrants who come from English-speaking

countries or countries who use English to a greater extent

than non-English speaking countries.

I also find that the coefficient of the STUDENTF

variable is positive and highly significant in the three

equations.

15.6 Summary and Conclusions

This chapter has examined the determinants of post

migration investment in language training of Filipino and

Korean immigrants. The findings indicate that--to a large

extent--economic considerations govern the immigrant's

decision to acquire additional English language skills.

The acquisition of dominant language skills can be

viewed as part of the process of efficient readaptation of

the immigrant's pre-migration human capital. Immigrants who

have very limited exposure to the English language have the

strongest incentives to invest in English language training

because it is likely that they will experience the greatest

proportional rise in the rental value of their human capital
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stock as a consequence of their acquisition qf English

skills.

Pre-migration occupation and education were also found

to influence the likelihood of investing in English language

training. It was also observed that female immigrants who

first entered the U.S. on student and "work" visas were more

likely to invest in English language training than those who

first entered the U.S. on "non-work" visas. :These results

are important because they suggest that immigrants recognize

the importance of English language skills in American

schools and in the U. S. labor market. 11

IIMa ny studies in the past have arrived at this same conclusion.
Tainer (1985), for example, concludes that immigrants are aware that
they will not derive the full benefits of additional years of schooling
or on the job training in the u.s. as long as they are not proficient
in the English language and that this awareness give them an incentive
to learn the language. Gardner et al. (1990) also concludes that "the
Asian American belief in education and drive for achievement will result
in a determined effort to learn English, the language needed for success
in this country."



Variables

YSAM
YSPM
YSPMSQ

AGE
AGESQ

MS

YSM
YSMSQ

NOWORKVF
(reference
category)

STUDENTF
WORKVF

METRO
SOUTH

LIVCHWR

KOR

AMIG

NOOCCUPB

MENIALB

BLUECOLB

WHITCOLB

PROFS (ref.
category)
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Table 15.1
Definitions of Variables

Definitions

Years of schooling in the U.S.
Years of schooling prior to migration
Square of YSPM

Age in years
Square of AGE

=1 if married, 0 otherwise

Years since migration
Square of YSM

=1 if first entered U.S. on a "not authorized for
employment" nonimmigrant visa (other than a student
visa), 0 otherwise

=1 if first entered U.S. on a student visa, 0 otherwise
=1 if first entered U.S. on an "authorized for

employment" nonimmigrant visa, 0 otherwise

=1 if living in a large metropolitan area, 0 otherwise
=1 if living in the 17 Southern States,

including the District of Columbia, 0 otherwise
Number of children living with respond~nt

=1 if Korean, 0 otherwise

Age at migration

=1 if immigrant was not working in Korea/Philippines
when left for the U.S., 0 otherwise

=1 if immigrant was working in a menial job Korea/
Philippines when left for the U.S., 0 otherwise

=1 if immigrant was working in a blue collar job in
Korea/Philippines when left for the U.S., 0 otherwise

=1 if immigrant was working in white collar job in
Korea/philippines when left for the U.S., 0 otherwise

=1 if immigrant was employed in a professional,
technical or managerial job in Korea/Philippines when
left for the U.S., 0 otherwise.
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Mean Values for Female Immigrants
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Variables

Years of Schooling in the u.S.
Years of Schooling Prior

to Migration
Years of Total Schooling
% Living in Southern States
% Living in Large Metropolitan Area
Age
Age at Migration
% Married
Years Since Migration
Number of Children Living

with Respondent
% With "Authorized for Employment"

Visa When First Entered the u.S.
% With Student Visa When

First Entered the u.s.
% W/ "Not Authorized for Employment"

Visa When First Entered the u.s.
% Not Working in Philippines and/or

Korea When Left for the u.s.
% Working in Professional, Technical

& Managerial Jobs in Philippines
and/or Korea When Left for the u.s.

% Working in White Collar
Jobs when Left for the u.s.

% Working in Blue Collar
Jobs When Left for the u.s.

% Working in Menial Jobs
When Left for the u.s.

% Who Had Undergone English
Language Training in the u.s.

% Who are Korean
n

Koreans

0.68
12.34

13.02
52
23

36.39
33.12

83
3.27
0.74

43

21

36

49

21

18

5

7

44

302

Filipinos

0.23
12.64

12.87
64
28

33.('1
29.48

93
3.53
0.59

63

3

34

22

38

22

3

14

9

1183

Pooled

0.32
12.58

12.90
61
27

33.70
30.22

91
3.48
0.62

59

7

35

28

35

21

4

12

16

20
1485
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Table 15.3
LOGIT Estimates: Investment in English Language Training in the u.s.

Dependent Variable: ENGTRNG (English Language Training in U.S.)
Variables Koreans Filipinos Pooled

YSPM (Years of Schooling
Prior to Migration)

YSPMSQR (Square of YSPM)

AMIG (Age at Migration)

MS (1 if married, 0 if not)

LIVCHWR (Number of Children
Living With Respondent)

YSM (Years Since Migration)

YSMSQR (Square of YSM)

SOUTH (1 if living in a
Southern State, 0 if not)

METRO (1 if living in a large
Metropolitan Area, 0 if not)

NOOCCUPB (Not Working in Korea/
Philippines When Left for U.S.

MENIALB (Working in Menial
Jobs When Left for U.S.)

BLUECOLB (Working in Blue Col
lar Jobs When Left for U.S.)

WHITCOLB (Working in White Col
lar Jobs When Left for U.S.)

STUDENTF (First Entered U.S.
on a Student Visa)

WORKVF (First Entered U.S.
on a Working Visa)

KOR (1 if Korean, 0 if not)

CONSTANT
CHI-SQUARE
n

0.4447*
(2.02)

-0.0168
(-1.54)
-0.0195

(-1.27)
1. 0448*

(2.28)
-0.3910*
(-2.16)
0.2306*

(2.38)
-0.0090
(-1.91)
-0.0778
(-0.29)
-0.2603
(-0.77)
0.5000
(1. 36)

-0.4298
(-0.68)
-0.2721
(-0.41)
0.4709
(1. 06)
1.2450*
(2.89)
0.8739*
(2.24)

-4.3793
63.61*

302

-0.3692*
(-2.18)
0.0102

(1.15 )
-0.0317*
(-2.02)
-1.2261*
(-2.69)
-0.3299*

(-1.74)
-0.0265

(-0.36)
-0.0006
(-0.21)
0.1153
(0.42)
0.30S0
(1.01)
0.6697
(1.27)
1. 2867*
(2.36)
1.7655*
(2.63)
1. 2505*
(2.66)
2.1991*
(3.7S)
0.3241
(0.84)

0.95S3
78.96*

1183

-0.0991
(-O.SS)
0.0019

(0.35 )
-0.0339*

(-3.20)
0.2494

(0.72)
-0.2360*

(2.01 )
0.05S4

(1. 12)
-0.0026
(-1.13)
0.0251
(0.14)
0.0329
(0.15)
0.63S5*
(2.31)
0.S299*
(2.32)
0.7699
(1.61)
0.S305*
(2.S5)
1.6136*
(4.91)
0.6034*
(2.37)
2.594S*

(12.95)
-2.1722

319.17*
14S5
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Mean Values for Male Immigrants
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Variables

Years of Schooling in the u.S.
Years of Schooling Prior

to Migration
Years of Total Schooling
% Living in Southern States
% Living in Large Metropolitan Area
Age
Age at Migration
% Married
Number of Children Living

With Respondent
Years Since Migration
% With "Authorized for Employment"

Visa When First Entered the u.S.
% With Student Visa When

First Entered the u.S.
% W/ "Not Authorized for Employment"

Visa When First Entered the u.S.
% Not Working in Philippines and/or

Korea When Left for the u.S.
% Working in Professional, Technical

& Managerial Jobs in Philippines
and/or Korea When Left for the u.S.

% Working in White Collar
Jobs when Left for the u.S.

% Working in Blue Collar
Jobs When Left for the u.S.

% Working in Menial Jobs
When Left for the u.s.

% Who Had Undergone English
Language Training in the u.s.

% Who are Korean
n

Koreans

1.20
14.87

16.08
51
30

38.16
32.99

87
0.88

5.17
31

39

30

26

34

16

22

2

47

208

Filipinos

0.46
13.65

14.11
59
38

37.49.
32.73

93
0.74

4.77
50

6

44

13

44

23

16

4

8

324

Pooled

0.75
14.13

14.88
56
35

37.75
32.83

91
0.80

4.92
42

19

39

18

40

20

18

3

23

39
532
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Table 15.5
LOGIT Estimates: Investment in English Language Training in the u.s.

Dependent Variable: ENGTRNG (English Language Training in u.s.)
Variables Koreans Filipinqs Pooled

YSPM (Years of Schooling
Prior to Migration)

YSPMSQR (Square of YSPM)

AMIG (Age at Migration)

MS (1 if married, 0 if not)

LIVCHWR (Number of Children
Living With Respondent)

YSM (Years Since Migration)

YSMSQR (Square of YSM)

SOUTH (1 if living in a
Southern State, 0 if not)

METRO (1 if living in a large
Metropolitan Area, 0 if not)

NOOCCUPB (Not Working in Korea/
Philippines When Left for u.S.

MENIALS (Working in Menial
Jobs When Left for U.S.)

BLUECOLB (Working in Blue Col
lar Jobs When Left for U.S.)

WHITCOLB (Working in White Col
lar Jobs When Left for U.S.)

STUDENTF (First Entered U.S.
on a Student Visa)

WORKVF (First Entered U.S.
on a Working Visa)

KOR (1 if Korean, 0 if not)

CONSTANT
CHI-SQUARE
n

-0.3378
(-0.82)
0.0128
(0.83)

-0.0249
(-1.24)
0.1458
(0.29)

-0.0656
(-0.31)
-0.0061

(-0.08)
-0.0001

(-0.04)
0.2110

(0.66)
-0.0361

(-0.11)
0.7858
(1. 61)
0.8281
(0.76)

-0.2508
(-0.57)
0.3347
(0.67)
1.0217*
(2.50)

-0.0390
(-0.10)

2.0325
32.54*

208

0.1982
(1. 06)

-0.0299
(-1.43)
-0.0268
(-0.92)
-0.3465
(-0.39)
-0.0663
(-0.24) .
0.1318

(1. 03)
-0.0057

(-0.93)
-0.2685

(-0.51)
-0.5305

(-0.95)
0.4340
(0.58)

-2.5710
(-0.00)
-1. 5936
(-1.37)
0.3212
(0.49)
1.8745*
(2.22)

-0.1856
(-0.34)

-2.9101
31.07*

324

-0.1101
(-0.46)
0.0026
(0.27)

-0.0289
(-1.82)
0.1930
(0.44)

-0.0838
(-0.52)
0.0517

(0.75)
-0.0024

(-0.92)
0.0171

(0.06)
0.0033

(0.01)
0.7584*
(1. 99)

-0.2058
(-0.24)
-0.3704
(-0.92)
0.3625
(0.94)
1.1331*
(3.13)

-0.1534
(-0.50)
2.4016*

(7.61)
-1.3111

171. 27*
532
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