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Abstract

Chapter one utilizes data from the Mexican Family Life Survey (MxFLS) to conduct an empirical
analysis within the framework of the Roy Model, examining whether Mexican emigrants to the
United States are positively selected in terms of health. Understanding whether emigrants are
favorably self-selected or represent a random sample of Mexico’s population can inform policymakers
in shaping labor market and immigration policies that impact both native and non-native workers.
By comparing the pre-migration Body Mass Index (BMI) of individuals who migrated to the United
States with those who remained in Mexico, this study directly tests for selection. The results
indicate that younger, single, and non-overweight individuals are more likely to migrate, as they
are better positioned to succeed in the United States labor market and benefit from greater wage
differentials. Conversely, the effect of health on migration diminishes for married individuals, with
higher capital and social investments in Mexico, coupled with greater migration costs, reducing their
incentives to migrate. Chapter two explores the dynamics of weight and wages within Mexico using
all three waves of MxFLS data, analyzing how the weight-wage relationship varies across gender,
community size, and occupation type. The findings reveal a wage premium for male workers in
rural areas and blue-collar jobs, while the weight-wage relationship for females is more complex
and mixed. Chapter three introduces a parametric modeling approach based on the asymmetric
Laplace distribution of errors and demonstrates the application of Bayesian inference to quantile
regression. Using non-informative improper priors with a uniform distribution, values are simulated
from the posterior distributions via a random-walk Metropolis-Hastings (MH) algorithm. Applying
this methodology to pooled MxFLS data uncovers important features of the wage returns to BMI,
particularly for male workers in Mexico, that would otherwise be hidden by traditional mean

regression techniques.
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Chapter 1
Testing Healthy Migrant Hypothesis: Evidence from

Mexico

1.1 Introduction

For decades, Mexico has consistently been one of the top countries of origin for immigrants to the
United States. The Mexican-born population in the United States grew 23% from 2000 to 2005,
peaking at 12.7 million in 2008. This represented approximately 30% of all foreign-born residents
in the United States and 11% of Mexico’s total population.! At this magnitude, examining the
pattern of self-selection among Mexican emigrants moving to the United States has significant
policy relevance for both countries. The impact of migration on economic development depends on
the relative skill levels of migrants compared to those who remain. Negative selection in migrant
outflows, where less skilled individuals are more likely to leave, can reduce poverty in Mexico and
narrow income disparities across the skill spectrum. In contrast, an inflow of low-skilled migrants
into the United States may depress wages for low-skilled native workers, exacerbating income
inequality. Alternatively, if migrants are favorably selected in skills, then the opposite holds true.
Despite the popularity of this hypothesis, the evidence for it remains inconsistent (Borjas et al.
1996; Lalonde & Topel 1997; Borjas 2003; Card 2005; Kaestner & Malamud 2014).

Migration theory provides a key framework for understanding the dynamics of migration
decisions, particularly through the lens of self-selection. Building on the Roy model, which posits

that individuals choose between sectors or locations based on potential earnings, Borjas (1987)

!Migration Between the United States and Mexico, 2012, Pew Research Center, http://pewrsr.ch/X0Ckc6



adaptation examines how income inequality and skill returns influence migration patterns. For
example, when the United States offers higher returns to skilled labor relative to Mexico, positive
selection occurs because skilled individuals are more likely to migrate. Conversely, in cases where
income inequality in the origin country exceeds that of the destination, negative selection arises
when less-skilled individuals migrate. Understanding how Mexican immigrants self-select with
respect to skill levels offers a critical test of Borjas (1987) migration theory, providing insight
into broader economic implications and the forces shaping migration flows. Due to the higher
income inequality in Mexico than in the United States, this theory predicts that negative selection
should characterize migration flows out of Mexico (Moraga 2011). However, this theory has
been critiqued for oversimplifying migration drivers by focusing narrowly on wage differentials,
and neglecting social, political, and structural factors (Chiswick 1999; Jasso & Rosenzweig 1990).
This could explain why empirical evidence from previous studies has yielded mixed results, often
indicating intermediate or positive skill selection rather than purely negative selection on certain
characteristics that contribute to labor-market success, for example, education (Jass & Massey
2004; Chiquiar & Hanson 2005; Feliciano 2005). Yet, research remains limited on how migrants are
selected based on non-economic traits, such as health, underscoring the need for more comprehensive

studies to test these theoretical frameworks.

The goal of this paper is to add to the discussion of international selectivity by testing the
healthy migrant hypothesis: are Mexican immigrants in the United States healthier than those
who remain in Mexico. This hypothesis posits that, due to the physical and psychological demands
of migration, migrants are often a self-selected group of healthier individuals. Jass & Massey
(2004) claim that the migration process itself acts as a form of health selection, with healthier
individuals tending on average to be more capable of undertaking the journey and succeeding in
new environments. This hypothesis also provides the foundation in understanding the paradoxical
health patterns observed among Mexican immigrants in the United States, often described as the
“Hispanic Paradox” (Markides & Coreil 1986). This paradox refers to the mortality advantage of
Hispanic adults compared to non-Hispanic whites, despite Hispanics having a lower socioeconomic

status.



In this study, the primary health biomarker used to examine migrant health selectivity is Body
Mass Index (BMI).? In health economics, BMI has been routinely used as an indicator of general
health and nutritional status. Other biomarkers included in this study are hemoglobin levels, blood
pressure and Self-Reported Health Status (SRHS). Data from the Mexican Family Life Survey
(MxFLS) is used to conduct this empirical analysis in bi-national perspective. I ask the following
questions: a) are migrants positively selected on health, b) is the effect of health on migration
different for (i) men and women (ii) young and old people, ¢) does marriage dampen the effect of
health on migration.

The rest of the paper is organized as follows. Section 1.2 reviews the related literature on
the self-selection of Mexican migrants. Section 1.3 outlines a simple model of migration in which
mobility costs are allowed to remain constant or vary with BMI. Section 1.4 describes the data
from the Mexican Family Life Survey. Section 1.5 discusses the empirical model used in this study.

Section 1.6 reviews the findings of the paper. Section 1.7 concludes.

1.2 Literature Review

Several studies show that Mexican immigrants arrive to the United States with better health profiles
compared to the native-born Americans. For instance, Palloni & Arias (2004), using National
Health Interview Survey (NHIS), found that Mexican immigrants had mortality advantage over
native non-Hispanic whites and native-born Hispanics in the middle-aged (aged 45-64) and the
elderly (aged 65 and older) categories, despite greater socioeconomic disadvantage among the
foreign born. Similarly, Abraido-Lanza et al. (1999), using the National Longitudinal Mortality
Study (NLMS) data, reported that foreign-born Mexicans along with other Latinos displayed better
health behaviors than the United States natives, and therefore, showed lower prevalence rates of
chronic conditions such as cancer and cardiovascular conditions. However, they also note that
despite arriving with superior health, the health advantage of Mexican immigrants diminished over
time. This phenomenon has been attributed to several factors, including acculturation, lifestyle
changes, and limited access to healthcare. In alignment with the erosion of the initial health

advantage, Akresh & Frank (2008), using New Immigrant Survey (NIS) 2003 cohort, also find a

2BMI is calculated as weight in kilograms divided by height in meters squared. In epidemiology and medicine,
BMI is the standard measure of fatness (U. S. Department of Health and Human Services, 2002).



decline in health status among Mexican immigrants as they spend more time in the United States.
Antecol & Bedard (2006), among others, documented similar findings.

Despite evidence suggesting that migrants may be healthier at arrival, most studies only use
data from the destination country and rely on comparisons between the United States natives and
foreign-born legal immigrants from Mexico. To adequately test whether migrants are healthier than
the non-migrant populations they leave behind, data from the origin country of Mexico is necessary
where health status of both these groups can be assessed prior to immigration. The study that most
closely followed this approach was conducted by Rubalcava et al. (2008). They used longitudinal
data from the Mexican Family Life Survey and examined the likelihood of US migration between
the first two survey waves (2002—2005) for young adults in the age range of 15 to 29 years. Based
on self-reported health status and several other biological risk indicators like blood-pressure, they
find weak support for the healthy migrant hypothesis. Another study by Crimmins et al. (2007)
investigated the association between migration status and various health indicators for the older
immigrant cohorts. Combining the 1999-2002 National Health and Nutrition Examination Survey
and the 2001 Mexican Health and Aging Study (MHAS), they found evidence in favor of the
healthy migrant hypothesis for adults aged 65 and over. However, evidence shows that selection
mechanisms for migration tend to vary with age which may be able to explain these conflicting
findings for different age cohorts. Younger migrants typically migrate for economic opportunities,
unlike older adults who may be tied-movers migrating to join family members (Bostean 2013). As
a result, findings from studies examining migrant health selectivity within one age cohort may not
be applicable to other cohorts.

This study aims to fill gaps in the existing literature and adequately capture the full, bi-national
picture of migrant health selectivity among Mexican immigrants in the United States. I use the
nationally representative longitudinal three-wave data from Mexican Family Life Survey (MxFLS)
to determine whether recent migrants from Mexico to the United States are healthier than the
Mexicans that remain at home. To investigate heterogeneity in how health predicts migration
among individuals of Mexico, I run baseline estimates for individuals of ages 16 to 60 by different
subgroups based on sex, age and marital status. Using data from the source country is ideally
suited to study self-selection patterns in the following ways. First, it allows me to conduct a direct

test of selection by comparing pre-migration health status of Mexican emigrants to the United
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States with non-migrants. Second, biomarkers in this survey are collected and reported by trained
health professionals at the Mexican Institute of Public Health subjecting the analysis to a lower
measurement error, than with the commonly used self-reported health status (Rubalcava Penafiel
et al. 2007). Finally, the data takes into consideration all migrants regardless of their immigration

status (documented or undocumented) allowing for a thorough investigation.

1.3 Emigration Selection Theory

In order to motivate the empirical analysis, this section presents a model of migration based on
Borjas (1999) rendition of the Roy model (1951). Migration is considered an investment decision
in this version of the human capital model (Sjaastad 1962; Becker 2009; Chiswick 2000). Each
individual evaluates their expected utility at different destinations and decides to move to a location
with the highest expected utility. In this framework, migration occurs when the return from
investment in migration is higher than the expected returns from other investments (Chiswick
2000). Individuals that yield a higher return on migration due to their observable and unobservable
characteristics will migrate. For simplicity, migration is treated as a one-time decision and the base
wage at the destination is assumed to be higher than that at the origin. The aim of this study is
to explore the differing characteristics between emigrants from Mexico to the United States and
non-migrants who stay in Mexico. For my analysis, I focus on migrant selection in terms of health
using Body Mass Index (BMI) as the primary health biomarker.

Residents of Mexico, indexed by a, decide whether or not to migrate to the United States,
indexed by b, based on their potential earnings net migration costs (C' > 0). At origin, residents of

Mexico face the following wage equation:

In(Wy) = pg — 0gbmi (1.1)

where W, is the wage in Mexico, u, is the base wage in Mexico, bmi is the Body Mass Index of
the individual, and d, is the return to BMI in Mexico. Alternatively, individuals that decide to

migrate to the United States will earn wages that are be given by:



In(Wy) = pp — 0pbmi (1.2)

Combining equations (1.1) and (1.2), and assuming the presence of migration costs, denoted by
m = C/W, in time-equivalent units, an income maximizing resident from Mexico will migrate to

the United States when:

I(bmi) = log (W/VV—iC) ~ log Wy, —log W, — 7 = (tp — pta) + (0g — 0p)bmi —m >0 (1.3)

If migration costs 7 are considered constant across different levels of BMI, only individuals with

BMI over bmi will migrate when &, > 8, with

T Mo — g — T
bmi = S (1.4)

This implies negative selection in BMI as individuals with higher BMI have an incentive to migrate,
whereas, the ones with a lower BMI decide to stay in Mexico (Borjas 1987). Conversely, when
8 > 04, positive selection in BMI is observed as individuals with BMI lower than bmi are rewarded
in the United States labor market. These scenarios are depicted in Figure 1.1. However, assuming
that time—equivalent migration costs 7 are constant is not an accurate depiction of reality (Chiquiar
& Hanson 2005). In practice, crossing borders can be expensive and often involve monetary costs,
search and information costs, and psychological costs (McKenzie & Rapoport 2010). Evidence
shows that healthier, more—abled individuals are also more efficient in migration, and therefore
such costs are unlikely to be constant across BMI or have no role in determining self-selection
patterns (Chiswick 1999). If we depart from the assumption of constant migration costs and allow
costs to be directly proportional to BMI, then the type of selection generated is positive when
dp > &, and could be in either direction when ¢, > 0, (Chiquiar & Hanson 2005). These predictions
about migrant selectivity are displayed in Figure 1.2. Whether these selection patterns apply to my

analysis, of course, depends on the parameter values and individual characteristics like age, marital



status and gender. In the next sections, I describe the data and the empirical strategy used to test

this model.

1.4 Data

To examine migrant health selectivity, I compare pre-migration health status of Mexican emigrants
to non-migrants using data from the Mexican Family Life Survey (MxFLS). This longitudinal
three—wave survey, conducted in 2001-02, 2005-06, and 2009-12, includes a wide range of
socioeconomic and demographic indicators of the Mexican population including labor market
participation and earnings, educational attainment, and prior migration experiences. The first
wave of the survey collected individual and household-level data for approximately 8,400 families,
accounting for around 35,000 individuals across 150 different communities. Regardless of new
household formations or changes in the state or country of residence, ninety percent of the original
households surveyed in the first wave were located and re—interviewed in the second and third wave.
The MxFLS team, with the support of UCLA, was able to achieve a re-contact rate of over 91%
for individuals that migrated to the United States.® By collecting information from both sides of
the border, this data offers valuable insights into the migration dynamics between Mexico and the
United States.

In this database, the migration information of the individuals surveyed in first round is gathered
in the next round. More specifically, individuals surveyed in the first wave (2001) are asked in the
second wave (2005) if they migrated to the United States for a year or more since the last survey.
Correspondingly, individuals from the second wave (2005) are asked about their migration status
in the third wave (2009). The outcome variable, Migrate to the United States, is turned on for
individuals that answered yes to the question indicating migration to the United States for at least
a year between or during the surveys. The pre-migration health bio-markers of individuals that
migrated to the United States between the first two waves are collected from the first wave, and
for those that migrated between the second two waves are collected from the second wave. For my
analysis, wave one and two are combined to create a panel data set with a sample size of 22,374

individuals. The sample is restricted to working adults between the ages of 16 and 60. Children

3For more information see: https://www.ennvih-mxfls.org/english/assets /usersguidev2.pdf



under the age of 16 and individuals older than 60 are more likely to be tied—movers and including
them in the analysis may compromise the results (Chiquiar & Hanson 2005). Throughout the
paper, emigrants are defined as individuals aged 16 to 60 years old who are present in Mexico at
the time of wave ¢ and are reported to have lived or left to live in the United States for at least
a year when the interviewer returns to the same household at the time of wave ¢ + 1. Conversely,
non-migrants are individuals of the same age range that are present in Mexico at the time of wave
t and are reported to be still living in Mexico at the time of wave ¢ + 1.

Table 1.1 indicates the fraction of migrant outflows from Mexico to the United States for both
men and women. To explore the age demographic of the emigrants, this table reports migration
summaries for all individuals in this sample from 16 to 60 years of age categorized into four cohorts.
Individuals aged 16 — 20 and 21 — 30 years are pooled in Cohorts 1 and 2, respectively; while
individuals in the age range of 31 — 45 and 46 — 60 years are represented in Cohort 3 and 4,
respectively. Panel A reports the fraction of migrant outflows for the entire sample period (2001-
2009), while Panel B and Panel C reflect outflows between the survey rounds. More specifically,
they show the fraction of migrant outflows over the four year period between first (2001) and second
(2005) wave, and second (2005) and third (2009) wave of the MxFLS, respectively. Panel A shows
that around 16% of the men and 15% of women from Cohort 1 migrated to the United States in
the sample period. For Cohort 2, similar proportions of migrant outflows are recorded. However,
the magnitude of migrants from the older cohorts seems to shrink by half. Roughly 5-6% of men
and women from Cohort 3 migrated, while this figure was less than 3% for Cohort 4. This trend,
consistent across panels, confirms that migration is indeed a long-term investment that proves to
be more profitable for younger individuals. In the entire sample period, 8.8% of all men and 7.8%
of all women migrated to the United States. The migration rates reported here align with other
studies. Hanson & Mclntosh (2010) analyzed consecutive Mexican Censuses and found that 10-
year migration rates were around 12-14% for men in their 20s and 5-10% for men in their 30s.
Overall, the cumulative outflows of Mexican migrants in this sample are significant enough to test
the healthy migrant hypothesis.

Tables 1.2 shows definitions and descriptive statistics of all variables used in this study. To
permit direct comparisons, means are displayed by gender for the emigrant population with respect

to non-migrants. On average, emigrants are younger (27 versus 35 years old) and less likely to



be married (50% versus 68%) than the non-migrants. BMI, the primary health biomarker used to
examine migrant health selectivity, averages around 25-27 kg/mts? for both groups. To further
explore the heterogeneity in BMI composition within and across these groups, BMI is broken down
into three categories. Individuals are identified as not overweight if their BMI is 25 kg/mts® or
less, overweight if between 25 kg/mts? and 30 kg/mts?, and obese if higher than 30 kg/mts?.
Almost 50% of emigrants are not overweight, while for non-migrants this figure is roughly 34-38%.
Consequently, compared to the emigrants a higher percentage of non-migrants, both men and
women, fall in the obese category. Additionally, dichotomous variables were generated for normal
blood pressure and hemoglobin levels. Using the blood pressure guidelines, systolic pressure of less
than 120 mmhg together with diastolic pressure of below 80 mmhg is defined as normal blood
pressure. Similarly, hemoglobin of 12 g/dl and up for females and 13.5 g/dl and up for males is
defined as normal. Since literature also suggests that self-assessments of health (SRHS) is a valid
indicator of health status (Mossey & Shapiro 1982; Kaplan & Camacho 1983; Idler & Kasl 1995;
Halliday & Kimmitt 2008), I include it in my analysis. The respondents were asked to rate on a
5-level scale, with one being very good and five being very bad, how they feel about their health.
The self-assessment variables healthy and unhealthy were unity if respondents answered in any of
the top or bottom two categories, respectively. Table 1.2 shows that these dichotomous variables
reproduce familiar facts, with the exception of hemoglobin levels, where non-migrants compare

favorably to the emigrants.

1.5 Empirical Model

I use a probit regression model to test the healthy migrant hypothesis and report marginal effects.
Marginal effects measure the difference in predicted probabilities as the binary independent variable
changes from 0 to 1, holding all other variables at their means. For continuous variable, it measures
the difference in predicted probabilities for a unit increase, also known as instantaneous rate of
change. Controlling for correlations within individuals, I run the following estimation model with

different specifications:



mi = 1(0j—10 + 15+ X{’tO + e > 0) (1.5)

where,
m;¢ is migrated to the United States,
0;,+—1 is obese,
n;¢—1 is not overweight,

X+ is vector of individual controls.

As I mentioned earlier, individuals are identified as not overweight if their BMI is 25 kg/mts? or
below and obese if higher than 30 kg/mts®. To easily identify the type of selection present in
this sample, the reference category is comprised of overweight individuals with BMI between 25
kg/mts? and 30 kg/mts?. In order for the healthy migrant hypothesis to hold true, I expect @ < 0
and 8 > 0. The control variables included in X are age, sex (=1 if female), and marital status (=1
is married) and residuals are assumed to be normal. Like Halliday & Kimmitt in their investigation
of health on domestic migration within the United States (2008), I express propensity to migrate

as:

P(mig Zig) = ©(Z] ) (1.6)

where,

Zit = (Oi,tflani,tflax,i,t)/; A= (a,3,0") and

’

®(.) is CDF of standard normal random variable
While a lot of studies compare health and other skill measures of Mexican immigrants in the

United States to the US-born Latinos, it would not be the right identification strategy for my

analysis. To correctly identify if migrants are positively or negatively selected in terms of health,

10



it is crucial to compare health biomarkers of non-migrants with that of emigrants prior to their
migration. Previous studies suggest that migration can affect health positively (access to better
nutrition, standard of living) or negatively (stress of moving, home—sickness, etc) (Kasl & Berkman
1983; Findley 1988; Halliday & Kimmitt 2008). Therefore, another important reason to consider

pre—migration health is to avoid dual-causality.

1.6 Results

1.6.1 Results using BMI

Table 1.3 reports the estimated marginal effects for all individuals between 16 and 60 years of
age and also separately by gender. The results for the pooled sample are shown in first four
columns, for men in columns (5) to (7), and for women in columns (8) to (10). In these regressions,
overweight individuals with a BMI more than 25 kg/mts? and less than equal to 30 kg/mts? are the
reference group. Column (3) suggests that, for the overall sample, not being overweight increases
the probability of migration by 2.1 percentage points while being obese drops this probability by
1.6 percentage points. Considering that the average probability of migration for an individual
between 16 and 60 years of age is 8.2%, these marginal effects are quite significant. Indeed, not
being overweight increases the probability of migration by 25%, and being obese decreases the
probability of migration by 19%.

Column (6) shows that, for men, not being overweight increases the probability of migration
by 2.3 percentage points. For women, as shown in column (9), that figure stands at around 2
percentage points. With average migration probabilities of 8.8% and 7.8% for men and women,
respectively; not being overweight increases the probability of migration by 26% for men, and by
24% for women. Results also show that married individuals are less likely to migrate. To test
the joint significance of the health variables, I report F—tests and their corresponding p—values.
The coefficients on the health variables are jointly significant at levels higher than 95%, except in
columns (4), (7), and (10), when age gets included in the comprehensive set of controls. Overall,
there is substantial evidence from estimates reported in Table 1.3 that migrants are positively
selected on health. However, to explore how different the effect of health can be on migration for

younger and older people, I consider the same specifications as column (3) but by age cohorts.
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1.6.2 Results by Age Cohort

Table 1.4 shows the model estimates for different age groups. Like mentioned in the data section,
individuals of ages 16 — 20 and 21 — 30 are categorized in Cohorts 1 and 2, respectively. Likewise,
Cohorts 3 and 4 represent individuals in the age range of 31 — 45 and 46 — 60 years, respectively.
For the youngest cohort, being obese decreases the probability of migration by 7.2 percentage
points, or almost 39%. Subsequently, not being overweight has positive and significant effect on
the migration probability for second youngest cohort. This substantially large effect of health
on migration probabilities can be expected among the population of younger people, many of
whom are inexperienced and low-skilled economic migrants moving across borders for better work
opportunities. Being obese can adversely affect productivity and labor-market success making
migration less attractive. In contrast, non-overweight individuals have an incentive to migrate as
they are more likely to succeed in the United States labor market and experience greater wage
differentials.

For Cohort 3, being obese negatively impacts migration. This may indicate that poor health
increases migration costs for these middle-aged individuals, most of whom are likely to be married
with children. Interestingly enough, even the non-overweight individuals of this cohort are subject
to adverse migration probability. With higher investment of social and human capital in their
home country, this cohort is expected to have less incentive to migrate compared to their younger
counterparts (Chiswick 2000; Chiquiar & Hanson 2005). By contrast, even though small and
insignificant, being non-overweight or obese both have positive effects on migration probabilities
for Cohort 4. As suggested by this non-monotonic effect, migration benefits seem to be higher for
this cohort. Obese individuals of ages 45 — 60 may decide to move from Mexico to the United
States for better health care; whereas, it is plausible that older non-overweight individuals make
the move to be closer to their children who have previously migrated. Results also show marriage
negatively affects mobility in Cohorts 2, 3, and 4. To test if marriage dampens the effect of health
on migration, I consider the same specifications as Table 1.3 using the sub-sample of people between

20 to 60 years of age.
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1.6.3 Results by Marital Status

Table 1.5 reports the marginal effects for all individuals between 20 and 60 years of age, pooled, as
well as, separately by gender and marital status. The results for the pooled sample are shown in
first three columns, for men in columns (4) to (6), and for women in columns (7) to (9). Column (2)
shows that, for married individuals, not being overweight increases the probability of migration by
one percentage points, while being obese reduces this probability by the same magnitude. Column
(3) suggests that, for singles, these figures are 2.5 and 2.3 percentage points, respectively. Thus,
marriage appears to weaken the impact of health on mobility. One plausible explanation for this
is that not only do the married individuals face greater migration costs trying to relocate their
entire families, but they also might have reduced incentive to move away from their social support.
As suggested by columns (8) and (9), similar pattern is evident for married and single women.
Although small and insignificant, the results for men also follow suit. Overall, there is sufficient
evidence to conclude that effects of health on migration are substantially different for single people

than they are for married people.

1.6.4 Additional Results

Thus far, for all the regressions, BMI is used as the primary biomarker to test the healthy migrant
hypothesis. Estimations in this section are based on regressions that employ the same specifications
as before but with different explanatory variables. These variables include SRHS (Table 1.6),
normal hemoglobin (Table 1.7) and normal blood pressure (Table 1.8) as dichotomous measures
of health. This exercise allows us to determine more broadly whether the emigrants from Mexico
are positively or negatively selected in terms of health. It also sheds a light on how robust the
findings of selection are to the inclusion of biomarkers that may be indicators of risk for later
disease, rather than just the current health condition. Tables 1.6 to 1.8 report the marginal effects
for all individuals between 16 and 60 years of age, pooled, as well as, separately by gender. Indeed,
results are consistent with my previous findings that migrants are favorably selected on health. In

addition, migration propensities are also found to be decreasing for individuals that are married.
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1.7 Conclusion

This paper contributes to the existing knowledge about migrant health selectivity by exploring
how the health status of Mexican emigrants in the United States differ from those of non-migrants.
The type of migrant health selectivity is significant as it influences the levels and distribution of
welfare in both the origin and the destination country. Migrant health selection is said to be
positive if the health status of the people that migrate is, on average, better than that of those who
remain at home. Selection theory demonstrates that, depending on how the decision to migrate is
modeled, migration can result in either positive or negative selection. Therefore, determining the
type of selection that occurs in the migration flow between a host and sending country becomes an
empirical question.

In this paper, I conduct an empirical analysis within the framework of the Roy model to explore
selective migration (1951). To directly test selection, I compare pre-migration health biomarkers
between migrant and non-migrant populations using data from the three-wave Mexican Life Survey
(MxFLS). BMI is the primary biomarker representing current health status in this analysis, with
additional biomarkers such as SRHS, hemoglobin levels, and blood pressure included to symbolize
potential future health risks. This novel panel dataset provides representative samples of Mexican-
born individuals on both sides of the border, enabling a bi-national examination of migrant health.
My paper presents initial descriptive evidence that, on average, migrants tend to be positively
self-selected in terms of health during this sample period, despite higher earnings inequality in the
sending country of Mexico compared to the receiving country of the United States. These findings
may also contribute to the health advantage observed in the well-documented “Hispanic Paradox.”
However, this descriptive evidence appears to challenge the standard predictions of the Roy model
(1951). The results further indicate that migration is, in fact, a long-term investment that tends
to be more financially beneficial for younger, single and non-overweight individuals. With lower
migration barriers and larger wage differentials, these individuals have the strongest incentive to
migrate. Results also indicate that marital status has a nontrivial impact on the self-selection
of migrants. Extended family support, along with increased capital investment in Mexico, may

reduce their incentive to migrate to the United States. Additionally, these findings reveal notable
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differences in migration behavior between men and women of Mexico, with poor health having a
greater impact on the likelihood of migration for women compared to men.

These results are a step toward understanding how selective migration may shape migrant
health profiles in the destination countries. My analysis, however, is focused solely on the supply
of emigrants, not on observed labor market outcomes. The supply of emigrants is also shaped by
ongoing conditions in Mexico. Push factors, such as the country’s difficult economic and social
circumstances—Ilike the presence of cartels and the drug war—can reduce the influence of health on
migration decisions (Orrenius et al. 2001; Dell et al. 2019). Likewise, the demand for immigrants
plays a key role in international migration. Destination countries may establish policies that base
entry on factors such as education, professional qualifications, age, language proficiency, or other
characteristics that improve labor market prospects. Alternatively, they may adopt non-selective
approaches like lottery systems, refugee quotas, or family dependency statuses (Chiswick 2000).
Further research is needed to explore how these push and pull factors can impact the role of selective
migration in determining migrant health profiles in the United States and also other destination

countries globally.
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Table 1.2: Definitions and Summary Statistics of Variables

Variables Definitions Men Women
Non-migrants Emigrants Non-migrants Emigrants
Age Individual’s Age 35.93 27.70 35.68 27.90
(13.02) (10.71) (12.25) (10.34)
Married =1 if the individual is married 0.67 0.49 0.68 0.50
(0.47) (0.50) (0.46) (0.50)
Biomarkers
BMI Weight(kgs)/Height(mts)? 26.60 25.33 27.81 25.94
(4.57) (4.59) (5.71) (5.14)
BMI Category Not Overweight (BM1T < 25) in % 0.38 0.50 0.34 0.48
Overweight (25 < BM1 < 30) in % 0.42 0.34 0.35 0.32
Obese (BM1I > 30) in % 0.20 0.15 0.31 0.19
Normal Hemoglobin =1 if 12 g/dl and up for women; 0.87 0.88 0.81 0.83
13 g/dl and up for men (0.33) (0.32) (0.38) (0.37
Normal Blood = 1 if the individual has
Pressure diastolic pressure < 80mmhg 0.40 0.45 0.59 0.67
systolic pressure < 120mmhg (0.49) (0.50) (0.49) (0.47)
Self Reported Health
Status (SRHS)
Survey Question:
“How good is your 1 = very good, 2 = good; 3 = fair;
health?” 4 = poor; 5 = very poor
Healthy =1if SRHSis 1 or 2 0.57 0.62 0.49 0.60
(0.49) (0.48) (0.50) (0.49)
Unhealthy =1if SRHSis4 or 5 0.03 0.02 0.04 0.02
(0.17) (0.16) (0.20) (0.16)
Sample Size 8,196 799 12,336 1,043

Notes: Sample includes working adults between the ages of 16 and 60. Source: Mexican Family Life Survey.
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1.9

Migration costs and benefits

Figures
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Migration costs and benefits
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(a) Negative selection when §, > J; (b) Positive selection when &, > §,

Figure 1.1: Migration costs 7 are constant across BMI
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Figure 1.2: Migration costs m increase with BMI
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Chapter 2

Weight and Wage Dynamics: Evidence from Mexico

2.1 Introduction

One of the major public health concerns recently has been the epidemic of obesity.! Prevalence of
obesity worldwide has increased three-fold since 1975. In 2016, 40% of adults (aged > 20) were
overweight, out of which, 13% were classified as obese. According to the World Health Organization
(WHO), once considered a rich country problem, obesity has become widespread in low- and middle-
income countries. These countries are now facing a “double burden of malnutrition” (WHO 2021).
As they continue to fight infectious diseases and under-nutrition, they are also having to deal with
noncommunicable disease risk factors such as obesity - particularly in urban areas. It is no longer
unusual for hunger and obesity to co-exist within the same domain. While the health outcomes
of obesity are well defined in the clinical literature, the economic effects of obesity on the labor
market outcomes are not as clear-cut (Han et al. 2009).

Previous studies have explored two main pathways that may explain the dynamics of weight-
wage relationship: productivity channel and discrimination channel (Cawley 2004, 2015). Excess
weight is not only associated with poor physical abilities, but also various non-transmissible
diseases and chronic fatigue syndrome. These comorbidities are bound to negatively affect worker’s
attendance and productivity, thus leading to weight-related wage penalties (Levasseur 2020). On

the other hand, the impact of weight-related discrimination on wages, as evidenced in the existing

!Throughout this paper, I use the classified definitions of underweight, normal or healthy weight, overweight
and obese. Definitions are as follows: Underweight: BMI < 18.5; Normal: 18.5 < BMI < 25; Overweight:
25 < BMT < 30; Obese: BMT > 30. Body Mass Index (BMI) equals Weight(kgs)/Height?(mts) (Heart et al.
1998).
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literature, depends on the system of values in place and the level of economic development of the
country in question (Poulain 2017). For instance, in rich economies, where hunger has completely
disappeared and obesity is now a major concern, people with excess weight are generally perceived as
“lazy, slow, incompetent, unattractive, and lacking rigor” (Puhl & Heuer 2009). Studies by Garcia
& Quintana-Domeque (2006) and Lindeboom et al. (2010) show that heavier job seekers have
considerably lower chances of finding a job when competing with their slimmer, equally qualified
colleagues. In a similar vein, Cawley & Maclean (2013) note that, due to discrimination, certain
jobs may not even be open to overweight applicants. These adverse labor market outcomes are
more likely to affect heavier women than men (Mocan & Tekin 2011), probably due to high pressure
on female bodies in western societies. Studies show that women generally have lower self-confidence
than men (Bleidorn et al. 2016), and are more prone to self-discrimination (Cawley 2004).

In the United States, Pagan & Davila (1997), Averett & Korenman (1999), Cawley (2000, 2004),
Cawley et al. (2005), Han et al. (2011), Johar & Katayama (2012), Mocan & Tekin (2009) and Sabia
& Rees (2012) show that one-unit increase in women’s BMI results in a wage penalty ranging from
0.2% to 1.8%. Meanwhile, for men, the effects of weight on wages are not entirely conclusive. While
studies by Pagan & Davila (1997), Cawley (2004) Johar & Katayama (2012) show wage penalties,
in the range of 0.2% to 1%, associated with obese men; others report wage premium (Sabia &
Rees 2012) or no significant effect (Cawley 2000; Pinkston 2017; Wada & Tekin 2010). Negative
results have also been found in European countries such as Denmark (Greve 2008), England (Morris
2006), Finland (Johansson et al. 2009), France (Paraponaris et al. 2005), Germany (Cawley et al.
2005; Caliendo & Gehrsitz 2016), Sweden (Lundborg et al. 2014). In Belgium, however, Atella
et al. (2008) find a wage premium of 2% associated with overweight men. Levasseur (2020) notes
that the weight-wage relationship has been shifting recently in rich countries with predominantly
overweight population. Wage premium for the overweight in England (Barbieri 2018) and Germany
(KropfhauBler & Sunder 2015) has been observed in terms of employment and wages, specifically
for white-collar (non-manual, service and high-skilled) jobs. As explained in the literature, this
might be due to normalization of heavier body weight status (Robinson & Christiansen 2014) and
technological progress (smartphones, tablets, teleworking) that allows individuals of all sizes to be

equally productive (Philipson & Posner 1999).
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Understandably, this weight-wage relationship is fundamentally different in hunger-prone poor
economies where higher body mass symbolizes health, strength, wealth, and prosperity (Renzaho
2004). In socio-cultural contexts, Poulain (2017) notes that higher body weight is positively
associated with employment status and earnings. This holds true for case studies in sub-Saharan
African countries like Guinea, Ivory Coast, Ghana and Ethiopia (see Glick & Sahn 1998; Kedir 2008;
Schultz 2003). When it comes to middle-income countries, however, this weight-wage relationship
seems to be rather ambiguous due to coexistence of hunger and obesity (Levasseur 2020). Like
less-developed countries, there is evidence of positive weight-wage relationship in middle-income
countries as well. Dinda et al. (2006) find that weight is positively associated with wages for coal
miners in India. Carrillo et al. (2017) also find that weight positively impacts wages and access
to formal employment in Brazil. Colchero & Bishai (2012), at first glance, find no effect of weight
on wages in Cebu, Philippines. However, after restricting their sample to self-employed women,
authors find significant wage premiums associated with weight.

Even though empirical evidence remains scarce for these countries, some studies show non-linear
relationship with underweight and overweight workers experiencing wage penalty over the healthy
ones. In China, Shimokawa (2008) reports a U-inverted relationship between BMI and wages with
normal-weight workers earning significantly more than those who were under- or over-weight. Jay
et al. (2013) examine the impact of BMI on the probability of working in China and report a
similar U-inverted relationship. They find that normal-weight adults are more likely to work in
particularly good quality jobs compared to their heavier peers. In Mexico, another middle-income
country, Levasseur (2017) finds that body weight and wages take a right-leaning U-inverted form.
In other words, author finds that overweight status is associated with more favorable outcomes in
Mexico than those of normal-weight or obese. In a related study of Mexico, Levasseur (2019) finds
that even though wage penalty is not necessarily associated with the overweight status, there is
evidence of wage penalty for obese women, particularly in the service industry. In a comparative
study conducted by Clément et al. (2020) of the three middle-income countries, India, China and
Mexico, the authors find wage premium associated with weight in India, but wage penalties for
overweight and obese in China. Authors also find wage premium associated with weight in Mexico
for manual workers, with no significant wage differential for non-manual workers. Levasseur (2020)

notes that obesity is three times more prevalent in Mexico than in China and the differences in
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their BMI distributions could be causing these heterogeneous labor market outcomes in the middle-
income countries.

This study examines the relationship between body weight and wages in middle-income
countries, focusing specifically on Mexico, where the weight-wage dynamic appears to vary by
gender and differs across locations and occupations. Using the three-wave longitudinal panel data
from the Mexican Family Life Survey (MxFLS), I focus on working adults aged 16 to 60. To estimate
the effect of body weight on wages, I begin by estimating a Mincer-type wage function using OLS,
where the logarithm of annual wages is explained by weight and traditional wage determinants
such as education, age, and age squared (a proxy for experience), as well as indicators for marital
status, current school enrollment, community size (urban/midsized/rural), and occupation type
(white-collar/blue-collar). Given the exploratory nature of these baseline estimates, I test different
measures of weight: (a) BMI (in linear form), (b) weight (in pounds, controlling for height), and
(c) categorical BMI, using WHO-approved clinical weight classifications—underweight, overweight,
and obese, with normal weight as the reference category. Additionally, to explore heterogeneity in
the weight-wage relationship within Mexico, I estimate these baseline models for various subgroups,
including gender, community size, and occupation type. To address potential reverse causality, I
substitute current weight with lagged weight in the model. Furthermore, to account for endogeneity
arising from unobserved factors that may influence both weight and wages, I implement an
instrumental variable (IV) approach, using mother’s BMI as an instrument for individual’s BMI.

This paper is organized as follows. Methods used in this study are discussed in the next section.

Section 2.3 describes the data. In Section 2.4, I present my empirical results. Section 2.5 concludes.

2.2 Methods

In line with Cawley (2004), I assume that wages W and Body Mass Index BM I have the following

relationship for an individual 7 at time ¢:2

InWi = BB+ Xy + €it (2.1)

2BMI is used to represent weight in the general equation, but like mentioned previously, it is one of the three
measures of weight used in this analysis. Other measures include weight in pounds and categorical BMI.

32



where,
Wi is wages for individual i at time t,
Bi; is BMI for individual i at time t,
Xt is vector of observed human capital variables,

€;¢ 1s residual.

One important methodological issue facing the identification of a causal relationship between wages
W and BMI in Equation 2.1, as reviewed in detail by Cawley (2004), is the potential presence of
endogeneity. To identify sources of endogeneity, the wage residual can be decomposed into having
a genetic component G a non genetic component NGY, and an i.i.d. residual v over individuals

3 and time ¢:

€t =GV + NGY + vy (2.2)

Moreover, BMI may be influenced by wages and other personal characteristics and can be written

as follows:

Bit = Xup + Wia + Zydp + GE + NGE + ¢ (2.3)

where,
B is is BMI for individual i at time t,
X, is same vector of observed human capital variables that affect wages,
Wi is wages for individual i at time t,
Zit is vector of variables that affect BMI, but not wages directly,
Gﬁ represents influence of genetics on BMI,
NGZE represents influence of non-genetic factors on BMI,

&y is i.i.d. residual.
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There are several reasons why the assumption that g8 is uncorrelated with € in Equation 2.1 may be
violated. First, the potential of reverse causality, where current wages may affect BMI i.e., a # 0.
Individuals with lower wages are more likely to consume cheaper/fattening fast foods, and that
in turn may cause higher BMI. These individuals may also lack awareness around healthier foods
and exercise, leading to unhealthy habits and obesity (Cawley 2004; Brunello & d’Hombres 2007).
Second, unobservable genetic (e.g. drive, motivation, etc) and non-genetic factors (e.g. individual
choices, environment, etc) that affect BMI may also affect wages i.e., G and G may be correlated
and NG and NG® may be correlated.

To address the potential of reverse causality, I adopt a lagged-value strategy. In previous
studies, authors like Gortmaker et al. (1993), Sargent & Blanchflower (1994), Averett & Korenman
(1999), Cawley (2004), and Baum & Ford (2004) have dealt with this issue by replacing the
contemporaneous BMI (or weight) with its 7-year lagged value. The general line of reasoning
for this strategy is that current wages may influence current weight but should not affect the
individual’s weight in the previous years. In this paper, lagged weight for individuals in Wave 11
(2005) is taken from their Wave I (2001) survey and for individuals in Wave III (2009) from their
Wave II (2005) survey. In other words, I analyze wages in Wave II (2005) as a function of BMI in
Wave I (2001) and wages in Wave III (2009) as a function of BMI in Wave IT (2005). Consequently,

Equation 2.1 can be updated to model the lagged weight and expressed as:

InWi = Bijt—rm + Xy + 0it (2.4)

It is important to note that this strategy assumes that lagged weight is uncorrelated with wage
residual (Bj—r L o04), which assumes that there is no serial correlation between the wage
residuals of the two time periods (o;—r L o04). To facilitate comparisons, estimates for both
contemporaneous BMI and lagged BMI are reported in Tables 2.2 through 2.6 for subgroups based
on gender, community size, and occupation type.

When the unobservable characteristics that affect both wages and weight are fixed over time
and BMI has no measurement error, a fixed effects strategy can identify the causal effect of obesity

on labor market outcomes. In the past, authors like Baum & Ford (2004), Brunello & d’'Hombres
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(2007), Lundborg et al. (2010); Lundborg et al. (2014), Han et al. (2011), and Pinkston (2017) have
used this approach to address the issue of time-invariant heterogeneity on both wages and weight.
For both EU and the United States, they find wage penalty associated with weight for obese women
with inconclusive results for men. It is important to note that for the fixed effect approach to work,
it requires BMI to vary over time. Given the nature of my data set, I cannot rely on this approach
and therefore opt out of it. Instead, I consider the instrumental variables (IV) approach to be the
best way to approximate this situation. It has been well established in the literature that genetic
effect on variation in weight is relatively strong. That is, an individual’s weight is related to that
of a family member, i.e., their siblings, children, or parents (Han et al. 2009). Studies by Atella
et al. (2008), Brunello & d’Hombres (2007), Kortt & Leigh (2010), and Lindeboom et al. (2009)
have used the obesity of a family member as an instrument. Cawley et al. (2005), Cawley (2000),
and Shimokawa (2008) use children’s weight for their IV, while Gregory & Ruhm (2009), Johar &
Katayama (2012), Wada & Tekin (2010), Sabia & Rees (2012), and Cawley (2004) use siblings’
weight.

In line with this literature, BMI of an individual in this study is instrumented with the BMI
of the mother, controlling for mother’s age. Following Cawley (2004), mother’s BMI is included as
an external IV in vector Z of Equation 2.3. The validity of this strategy rests on two identifying
assumptions. First, BMI of an individual is expected to be highly correlated with the BMI of the
mother. This assumption is uncontroversial as individuals share half of the genes with their mother,
therefore their BMI are correlated. Second, mother’s BMI is uncorrelated with individual’s wage
residual €;. This could be debatable if environmental factors such as family culture and upbringing
affected both weight and wage outcomes. Although this assumption is hard to test, much of the
literature suggests that factors that affect both weight and wages are mostly due to shared genetics,
and not so much the shared family environment (for examples, see Cawley 2004). IV coefficients on
BMI are reported for subgroups based on gender, community size, and occupation type in Tables
2.8 through 2.12. For sake of comparison, OLS coefficients on contemporaneous BMI are also

estimated using the IV sample and are reported in these tables.
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2.3 Data

The data used in this study come from the Mexican Family Life Survey (MxFLS) that includes
socioeconomic and demographic indicators of the Mexican population at regional, rural/urban, and
national level. This three—wave survey began Wave I in 2001-02 with 8,440 households and spans
around a decade with Wave II and III conducted in 2005-06 and 2009-12, respectively. Ninety
percent of the original households surveyed in the first wave were located and re—interviewed in
the second and third wave accounting for new household formations and/or changes in the state or
country of residence. In my sample, data from all three waves of MxFLS are pooled together. To
comply with the existing labor economics literature and avoid any schooling or retirement concerns,
only employed individuals in the working age range of 16 to 60 years old in Mexico are studied
(Gong et al. 2004). From this sample, 1,025 females that were pregnant or lactating at the time of
the survey are withdrawn to limit any measurement bias.

The bio-markers such as weight and height for each wave are collected and recorded by health
professionals at the Mexican Institute of Public Health (Rubalcava Penafiel et al. 2007). Weight

3 Given the high rate of reporting

is reported in pounds (lbs) and height in centimeters (cms).
accuracy by professionals in this survey, corrections commonly employed in the literature for self-
reporting errors in weight and height are not necessary for this sample.? The main explanatory
variable, Body Mass Index (BMI), is calculated for each participant from this information and
defined as Weight(kgs)/Height?(mts). Based on the classifications set out by the World Health
Organization (WHO), indicator variables for underweight, overweight and obese are created, with
normal weight as the reference category. Definitions are as follows. Underweight: BMI < 18.5;
Normal: 18.5 < BMI < 25; Overweight: 25 < BMI < 30; Obese: BMI > 30 (WHO 2021).
Eight outliers with BMI under eight or over 55 are removed from the sample. Final sample for
this study, reflective of the labor force participation, comprises of 14,833 males and 7,752 females.
Dietary habits, physical activity, and societal expectations may influence BMI differently for males

and females. To illustrate these differences, Figure 2.1 displays the probability density functions

for males and females, showing the relative likelihood of various BMI values within each group.

3For interpretation purposes, summary table and regression estimates use weight variable that is converted from
kilograms (kgs) to pounds (1bs) at conversion rate of one kilogram equals 2.2 pounds.
1See Lee & Sepanski (1995); Cawley (2004); Chou et al. (2004); Lakdawalla & Philipson (2007)
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Even though both genders overlap and share similar BMI ranges to some extent, including similar
peak points, noticeable differences still exist. A greater proportion of males fall into the overweight
category; while a larger proportion of females are represented in the obesity category, as evidenced
by the female distribution extending further into higher BMI ranges.

Similar to Cawley (2004), one of the strategies employed in this study to deal with the potential
of reverse causality is to replace weight with lagged weight. Lagged weight for individuals in Wave
IT (2005) comes from their Wave I (2001) survey, and for Wave III (2009) from their Wave II
(2005) survey. This subset of the lagged weight sample comprises of 8,913 males and 4,852 females.
Further in the study, mother’s BMI is used as an instrument for individual’s BMI. This subset of
IV sample comprises of 4,437 males and 2,753 females. Summary statistics are reported by gender
for the above three samples in Table 2.1. Means of all the variables used in this study are reported,

with standard deviation in parenthesis.

’Insert Table 2.1 here. ‘

The average BMI in my sample is 26.86 for males and 27.44 for females in the full sample, while
being about a point higher for lag weight sample and a point lower for the IV sample. An average
male in this sample weighs around 164lbs and is 166cms (5ft 4in) tall, while an average female
weighs around 144lbs and is 154cms (5ft) tall. Looking at the weight classifications, only around
34% of individuals belong to normal weight category, while over half belong to the overweight
category. Interestingly, for the IV sample, more individuals belong to normal weight category
(around 50%) than to the overweight category (around 40%). Opposite is true for individuals in
lag weight sample. Individuals included the IV sample are more likely to be young to have their
mother’s BMI also recorded in the survey. On the other hand, individuals must be older than
average to have their bio-markers recorded in all three waves. This is evident by examining not
only their average age but also their annual wages.

Annual wages of individuals refer to wages earned annually in the main job and are reported
in Pesos in the survey. In my sample, for those with missing annual wages, monthly wages in
the main job is multiplied by 12 to construct annual wages. For a handful of individuals that

are missing both, wages in the last 12 months are substituted in. To limit outlier bias, top and
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bottom 1% on the wage distribution are excluded from the study. Annual wages from all three
waves are adjusted for inflation, and for simplicity, reported as 2009 US Dollars.® Average wage for
males is $3,852, while for females is $3,149 annually. Compared to the full sample, annual wages
are higher for individuals in the lag weight sample, and lower for those in the IV sample. Office
jobs in management and administrative work are defined as white-collar, while jobs that include
manual labor in agriculture, manufacturing, construction, mining, or maintenance are defined as
blue-collar. Almost half of males in the sample work a blue-collar job, while 15% of females do.
Education level is defined on a scale where zero equals no education, one equals elementary, two
equals middle school, three equals high school, and four equals college.” On an average, two-thirds
of the sample has only up-to a middle school education, while the remaining one-thirds have a high
school or higher. Of all males, 15% are currently enrolled in school or working part-time, and on
the other hand, this holds true for 28% of all females. Community level data is used to define
communities with population more than 100,000 as urban, between 2,500 and 100,000 as mid-sized
and below 2,500 as rural. In the full sample of all males, 37% reside in urban communities, 22%
reside in mid-sized communities, and 41% reside in rural communities. On an average, females
have a higher percentage of residing in urban communities than men. Lastly, individuals from all

waves are represented equally in this sample.

2.4 Empirical Results

The hypothesis that all coefficients are equal across gender, community size (urban/mid-
sized /rural), and occupation type (white-collar/blue-collar) were tested. For each group, this

hypothesis was rejected at 5% significance level, therefore, regressions for these groups are estimated

®To convert wages from 2001 to their equivalent in 2009, I adjusted for inflation using the Consumer Price Index
(CPI). The CPI measures changes in the price level of a basket of goods and services over time, providing a way to
account for inflation. The conversion was done by applying the following formula: wages2009 = wageszo01 X 2%5339.
Similar process is conducted to convert wages from 2005. The wages, originally reported in Mexican Peso (MXN),
were converted to US Dollar (USD) using the 2009 exchange rate of 13.5 MXN per USD.

5This variable is constructed using Mexican Classification of Occupations. White-collar jobs: Professional;
Education workers; Arts, performance and sports workers; Employees and directors of the public, private and
social sectors; Chiefs, supervisors and other workers in the control in the artisan and industrial manufacture; Retail
employees. Blue-collar jobs: Technicians; Agricultural, cattle activities, foresting, hunting and fishing workers;
Manufacturing craftsmen and workers in repair activities and maintenance; Assistants, laborers of artisan and
industrial manufacture; Conductors and assistants of movable machinery and means of transport.

"This variable is constructed from the survey question: What is the last level of education attained? Answers in
the survey are as follows: 1. Without instruction 2. Preschool or kindergarten 3. Elementary 4. Secondary 5. Open
secondary 6. High school 7. Open High School 8. Normal basic 9. College 10. Graduate
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separately. All models control for education, age and age square (proxy for experience), the survey
year, marital status, current school enrollment, community size, and occupation type. Overall
estimated effects of weight on wages for males and females in Mexico are reported in Table 2.2.
I further stratify the sample by community size, and report the estimated effects in Table 2.3 for
males and Table 2.4 for females; and by occupation type in Table 2.5 for males and in Table 2.6
for females. For readability purposes, I only report the variables of interest, namely, a) BMI (in
linear form) b) Weight (in pounds, controlling for height) or c¢) Categorical BMI with indicator
variables for WHO-approved clinical weight classifications: underweight, overweight and obese,
with normal weight as the reference category.

Regressions results reported in Columns 1 and 3 of Table 2.2, for males and females, show that
both BMI and weight in pounds have positive OLS coefficients. The point estimates for males,
however, are larger and statistically significant. An increase of one standard deviation (30 pounds)
from mean weight is associated with 6% increase in annual wages for males, and 3% for females.®
Columns 3, 5, and 7 of Table 2.3 show wage premiums associated with weight for males in each
community. Out of all the subgroups, it is clear that rural males have the largest wage premium:
an increase of one standard deviation (32 pounds) from mean weight is associated with an 8.6%
increase in annual wages.” This premium is about 6.6% for males in the mid-sized communities,
while for those in urban communities, it’s around 2.8%. On the other hand, for females, as shown
in Columns 3, 5, and 7 of Table 2.4, signs and magnitudes of the OLS coefficient vary by each
community.'? For rural females, an increase of one standard deviation (31 pounds) from mean
weight is associated with an 7.4% increase in annual wages. For the other subgroups, however, the
effect of weight on wages is not significantly different from zero. Columns 3 and 5 of Table 2.5 show
that wage premiums are associated with weight for male workers in both job types.!! An increase
of one standard deviation (33 pounds) from mean weight is associated with about 9% increase in

annual wages for blue collar workers, while for white-collar workers this effect is almost half at

8Tn this sample, average weight for males is 164 pounds and 144 pounds for females. Standard deviation for both
males and females is 30 pounds.

9In this sample subgroup, average weight of males in urban community is 168 pounds, in mid-sized community is
165 pounds, and in rural community is 160 pounds. Standard deviation is 31, 30, and 32 pounds, respectively.

°Tn this sample subgroup, average weight of females in urban community is 145 pounds, in mid-sized community
is 145 pounds, and in rural community is 142 pounds. Standard deviation is 30, 29, and 31 pounds, respectively.

1n this sample subgroup, average weight of males in white-collar jobs is 169 pounds, and in blue-collar jobs is
163 pounds. Standard deviation is 32, and 33 pounds, respectively.
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around 4.2%. On the other hand, as indicated in columns 3 and 5 of Table 2.6, females in only
blue-collar jobs see a wage premium of around 7.8%.'2

Equation 2.1 assumes linearity of wages in BMI (or weight in pounds). Test of linearity in
Table 2.7 shows that, at 5% significance level, the hypothesis of linearity of wages in BMI can
be rejected for males in all communities and job types, and females in urban communities and
white-collar jobs. At the same significance level, the hypothesis of linearity of wages in weight can
be rejected for males and females in all communities and all job types, except for females in blue-
collar jobs. Given this evidence that weight-wage relationship may be non-linear, above models are
also estimated using indicator variables for clinical weight classification. In addition, as mentioned
earlier, the potential of reverse causality (i.e., current wages might impact current weight) may
deem OLS estimates of Equation 2.1 to be biased. To address this issue, in line with previous
literature, lagged weight is substituted for its contemporaneous value. To facilitate comparisons,
the contemporaneous and lagged value of weight in the regressions using indicator variables for
weight classifications are graphed side by side by gender, and by community size and job type for
both males and females (see Figures 2.2 through 2.6). The smaller sample sizes in lagged weight
regressions lead to higher standard errors, and therefore, in some cases the coefficients are not
statistically significant.

Based on the BMI classification, as shown in Figure 2.2 and Table 2.2, even though the
lagged weight coefficients are smaller than the OLS coefficients, it is clear that wage premiums
are associated with weight for overweight and obese males. After accounting for reverse causality,
there is no detectable wage differential between males that are underweight relative to those of
healthy weight, but those that are overweight earn 6% more than those of healthy weight, those
that are obese earn 10% more than those of healthy weight. By looking at Figure 2.3 and Table 2.3,
there is clear evidence that these wage premiums are linked to rural male workers, and that there
is non-significant wage increase for excess weight for workers in urban or mid-sized communities.
In rural communities, overweight and obese males earn around 11% and 17% more than ones in
the healthy category. Similar results are found for workers in blue-collar jobs, as seen in Figure 2.5

and Table 2.5, where overweight and obese males earn around 14% and 16% more than ones in the

12Tn this sample subgroup, average weight of females in white-collar jobs is 145 pounds, and in blue-collar jobs is
143 pounds. Standard deviation is 30, and 29 pounds, respectively.
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healthy category with non-significant wage increase for excess weight in white-collar jobs. As Huang
et al. (2016) note, this wage premium could be due to a relative acceptance of excess weight in
rural communities and blue-collar (manual) jobs where overweight is considered a sign of muscular
strength. In addition, Prina & Royer (2014), support this notion of social acceptance of excess
weight in Mexican societies, specially among the most vulnerable groups (Bargain & Zeidan 2019)
due to past deprivations and traditional beliefs (Levasseur 2020). My results are also consistent
with Clément et al. (2020). These authors, in a comparative study of India, China and Mexico,
find no significant effect of weight on wage for workers in non-manual jobs, but an overweight
wage premium for manual job workers of Mexico. In addition to social acceptance, there could be
other factors contributing to the absence of wage penalties in urban communities and white-collar
workers. New technological developments like automation, mechanization and teleworking may
decrease productivity loss associated with excess weight (Caliendo & Gehrsitz 2016). In line with
this idea, Levasseur (2019), finds no overweight wage penalty in the Mexican labor markets, except
for obese women in the service industry most likely due to looks-based discrimination.

My results for females, however, vary slightly and are ambiguous. After accounting for reverse
causality, Figure 2.2 and Table 2.2 show that body weight and wages take a right-leaning U-inverted
form indicating a wage premium for excess weight up to a certain level. Even though these effects
are not statistically significant, Figure 2.4 and Table 2.4, show that these effects are most likely
linked to females in urban areas where underweight and obese females experience wage penalties
over those of healthy weight. Interestingly, the penalty for underweight women is more severe
than for those who are obese. Obese females in the mid-sized communities also experience some
wage penalty. However, females in rural communities see a wage premium associated with all
weight categories. These findings suggest that, in rural communities with vulnerable populations
where hunger still continues to prevail, preference for excess weight may offset the weight-related
productivity loss (Levasseur 2020). The right-leaning U-inverted weight-wage relationship also
holds true for females in white-collar work, as seen in Figure 2.6 and Table 2.6. Given the
proliferation of western beauty standards of thinness, Brewis et al. (2011) argue that, the positive
association with weight in developing countries might be slowly disappearing and leading to looks-
based discrimination specially for females in urban communities and white-collar jobs. However, if

looks-based discrimination do exist for females, I find that it is in favor of weight up to a certain
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level. These results are rather ambiguous because for women in blue-collar jobs, wage penalties
are associated with all weight groups when compared to the healthy weight category. For this
subgroup, what might seem like wage penalty due to looks-based discrimination is more likely to
be due to productivity loss from lacking the ability to perform physically demanding tasks (Caliendo
& Gehrsitz 2016).

As discussed earlier, it is possible that these results are biased due to unobservable factors
affecting both wages and weight (Cawley 2004). To deal with this issue, I use the instrumental
variable approach by employing mother’s BMI as an instrument for individual’s own BMI. This
specification, as suggested by behavioral genetics, is based on the notion that genetic effect on
variation in BMI is relatively strong (Han et al. 2009). IV coefficients on BMI and weight are
reported in Tables 2.8 through 2.12. Coefficients on the indicator variables for clinical weight
classification have not been estimated using this approach since there is only one instrument for the
three indicators. For comparative purposes, OLS coeflicients of contemporaneous BMI estimated
using the IV sample are also reported. Employing this sample to include the OLS estimations with
lagged BMI results in a significant reduction in the sample size, which compromises the reliability
and robustness of the estimates. Due to this limitation, this specification is excluded from these
tables. The F' statistic from the first-stage regression, associated with null hypothesis that mother’s
weight is a weak instrument of individual’s own weight, are reported. For all subgroups, F' statistic
far exceeds the minimum values of 10 as suggested by Stock et al. (2002) confirming that mother’s
weight is a powerful instrument for individual’s weight. Results from Tables 2.8 through 2.12
indicate that, only for females in rural communities, the IV coefficient on weight is statistically
significant at 5% level. Column 7 and 8 in Table 2.10 show that the point estimate of IV coefficient
is roughly 5 times the OLS coefficient estimated using the same sample. An increase in one standard
deviation (31 pounds) from mean weight is associated with an increase in wages of 18%. To check
the null hypothesis if OLS and IV coefficients are equal, I run a Hausman test for each regression.
The results of this test indicate that the null hypothesis cannot be rejected for all subgroups except
females in rural communities indicating that the endogeneity of weight does not considerably affect

the OLS estimates.
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2.5 Conclusion

This study reveals important dynamics of the relationship between weight and wages in Mexico.
Utilizing data from all three waves of the MxFLS, the analysis employs gender-specific regression
models with ordinary least squares (OLS) as the primary method. Additionally, the analysis
explores the heterogeneity of the weight-wage relationship across different community sizes and
occupational types. Body mass index (BMI) is analyzed as both a continuous variable and
categorized according to WHO thresholds, with weight in pounds also considered. To mitigate
the problem of reverse causality, the analysis follows prior studies by using lagged body weight
to exclude the influence of current wages on weight. Finally, an instrumental variables (IV)
approach is employed to address potential endogeneity, with mother’s BMI used as an instrument
for individual’s BMI.

The existing literature offers varying perspectives on the relationship between body weight and
labor market outcomes in middle-income countries. Some studies suggest an inverted U-shaped
relationship, while others highlight wage rewards associated with excess weight. These differences
in labor market outcomes are likely influenced by the nutritional and cultural diversity among
middle-income countries. For example, in China—where the obesity rate is significantly lower
than in Mexico—employers tend to prefer workers of normal weight, penalizing those who are
under- or overweight. In contrast, in Mexico, previous studies have found a wage premium for
men in rural areas and blue-collar jobs, where excess weight may be viewed more positively. This
variation underscores the cultural differences in how body weight and productivity are perceived,
complicating generalizations about the economic consequences of excess weight across middle-
income nations.

Consistent with prior research on Mexico, this study finds a distinct wage premium for male
workers in rural areas and blue-collar occupations, suggesting that physical composition or fitness
may be rewarded in more physically demanding jobs. However, for men in urban and white-collar
jobs, no wage penalty is associated with higher body weight, implying that weight is less important
for wage determination in these sectors. For women, the findings are more complex, revealing a
right-leaning U-shaped relationship between BMI and wages. Women in urban and white-collar

jobs face wage penalties at both ends of the BMI spectrum—underweight and obese—while those in
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the normal weight range experience less wage disadvantage. This inverted U-shaped relationship for
females aligns with previous research showing that women’s wages are more sensitive to extreme
body weights, particularly in professional settings where appearance may influence employment
outcomes. '3

These findings highlight the coexistence of conflicting social norms regarding body weight in
emerging economies. In societies with a history of food scarcity, higher body mass is often seen as a
marker of health, strength, and prosperity. Yet, globalization has spread Western ideals of thinness,
especially in urban and developed areas, creating a duality of norms where both larger and slimmer
bodies are valued in different contexts. This study emphasizes the need to consider both gender
and occupational context when analyzing the economic impacts of body weight. Policies aimed at
rural areas and blue-collar jobs might focus on enhancing rural economic development, vocational
training, and infrastructure, reducing the reliance on physical fitness as a determinant of wages. In
urban and white-collar settings, job training programs, wage subsidies, and social protections could
support workers in vulnerable BMI categories. Moreover, improving food security, nutrition, and
healthcare access for underweight or obese individuals in low-income regions could help alleviate
the health-related causes of lower wages. By addressing both economic and health vulnerabilities,

these interventions could improve both income and well-being.

13These findings may be influenced by selection bias. In the literature on beauty and labor markets, researchers
note that occupational crowding—where individuals sort into jobs based on observable characteristics—can explain
beauty-related wage premiums or discrimination. Individuals perceived as less attractive or those with higher BMI
may self-select into occupations where appearance is less important or exit the labor force altogether (Hamermesh
& Biddle 1994). This non-random sorting may result in an underestimation of wage penalties, as the sample may
over-represent individuals who are less affected by or more resilient to such discrimination.
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Table 2.1: Summary Statistics

Measurements

BMI (kg/m?)
Weight (Ibs)

Height (cms)

Classifications (%)
Underweight
Normal weight
Overweight
Obese

Employment
Annual Wages
(2009 US Dollars)

Blue-collar (=1)

Demographics
Age

Married (=1)

Education (%)
No Education
Elementary
Middle School
High School
College

Enrolled (=1)

Community (%)
Urban
Mid-sized
Rural

Waves (%)

2001

2005
2009

NT

Males Females
Full Lag Weight v Full Lag Weight v
Sample Sample Sample Sample Sample Sample
26.86 27.61 25.40 27.44 28.22 25.64
(4.61) (4.55) (4.63) (5.53) (5.43) (5.28)
164.44 168.87 157.11 144.74 148.74 137.06
(31.74) (31.23) (31.99) (30.46) (30.04) (29.49)
166.68 166.62 167.50 154.86 154.80 155.90
(7.35) (7.23) (7.48) (6.91) (6.89) (6.73)
0.02 0.01 0.03 0.02 0.01 0.04
0.34 0.27 0.48 0.34 0.29 0.49
0.59 0.66 0.45 0.55 0.60 0.41
0.05 0.06 0.04 0.09 0.10 0.06
3,852.84 4,099.63 2,952.09 3,149.38 3,807.54 2,838.06
(4,912.64)  (4,978.34)  (3,390.41) (4,051.93)  (4,286.53)  (2,922.63)
0.48 0.30 0.48 0.15 0.07 0.15
(0.50) (0.46) (0.50) (0.35) (0.25) (0.36)
35.07 38.91 25.30 34.55 38.63 26.76
(11.89) (10.70) (8.03) (11.14) (9.79) (8.40)
0.73 0.82 0.34 0.51 0.52 0.18
(0.45) (0.38) (0.47) (0.50) (0.50) (0.39)
0.05 0.04 0.02 0.04 0.04 0.01
0.36 0.34 0.25 0.29 0.28 0.21
0.33 0.34 0.43 0.33 0.33 0.37
0.15 0.16 0.20 0.16 0.17 0.23
0.12 0.12 0.10 0.17 0.18 0.17
0.15 0.11 0.24 0.28 0.23 0.29
(0.36) (0.32) (0.43) (0.45) (0.42) (0.45)
0.37 0.36 0.35 0.47 0.49 0.43
0.22 0.23 0.21 0.22 0.22 0.21
0.41 0.41 0.44 0.31 0.29 0.36
0.32 - 0.26 0.33 - 0.31
0.33 0.46 0.33 0.32 0.46 0.33
0.35 0.54 0.41 0.35 0.54 0.36
14,833 8,913 4,437 7,752 4,852 2,753

Notes: Data comes from Mexican Family Life Survey for adults aged 16-60.
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Table 2.7: Test of Linearity - F Statistics and p Values

Males Females
Group BMI Weight BMI Weight
All 44.61 30.92 2.56 8.22

(0.0000)  (0.0000) (0.0531)  (0.0000)

Community Size

Urban 19.30 9.19 7.20 7.70
(0.0000)  (0.0000) (0.0001) (0.0000)

Mid-sized 9.98 5.51 0.13 6.48
(0.0001)  (0.0001) (0.9421) (0.0020)

Rural 13.81 13.10 0.31 3.80
(0.0000)  (0.0000) (0.8196) (0.0009)

Job Type

White-Collar 18.15 12.35 4.12 8.98
(0.0000)  (0.0000) (0.0062) (0.0000)

Blue-Collar 16.80 14.26 0.29 1.08

(0.0000)  (0.0000) (0.8311)  (0.3698)

Notes: F statistics and p values in parenthesis are associated with Ramsey RESET Test of Linearity using the powers of
independent variables. Null hypothesis is that coefficients on the weight measure to the second, third, and fourth powers are
jointly equal to zero indicating that the model has no omitted variables. Weight is measured in pounds (lbs). BMI equals
Weight(kgs)/Height?(mts). Source: Mexican Family Life Survey.
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2.7 Figures

BMI Distribution
1 1 1
1 ) 1
1 1
1 1
1 1
1 1
0075~ 1 1
1 1
1 1
1 1
1
1
1
1
0.050 - 1
1 Females
: H Males
1
1
1
1
0025~ 1
1
0.000
' . L | | \ ' \
10 15 20 25 30 35 40 45
BMI
Figure 2.1: Visualizing BMI Variability by Gender
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Chapter 3
A Bayesian Approach to Quantile Regression:

Evidence from Mexico

3.1 Introduction

Quantile regression is gradually emerging as a useful tool in the statistical analysis of income and
wage related issues. Koenker & Bassett Jr (1978) were the first to introduce quantile regression
to estimate the conditional quantile function of the response variable. This method examines
the role of an explanatory variable across different parts of the response distribution, offering a
more nuanced understanding of the relationship between stochastic variables than standard mean
regression. Quantile estimators are also more robust, as they are less sensitive to outliers in the
response variable conditional on the covariates. Importantly, covariates can influence both the
location and the dispersion of the response variable. For instance, it is plausible that obesity might
have a different impact on the lower tail of the conditional wage distribution compared to the
upper tail. In such scenarios, supplementing classical mean regression with a general technique for
estimating families of conditional quantile functions provides greater flexibility and insight. Since
the release of an important book of Koenker (2005) that details this method, applications of quantile
regression grew considerably in many research areas, ranging from ecology to genetics to economics.
Authors that have applied this method to study wage distribution include Buchinsky (1994) in the
US, Disney & Gosling (1998) in the UK, and Machado & Mata (2005) in Portugal, among others.

Across all three countries, quantile regression highlighted that economic and institutional changes
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had asymmetric effects across the wage distribution, with lower- and higher-wage workers often
experiencing starkly different outcomes.

One of the more recent research areas of quantile regression investigates Bayesian inference of
model parameters combined with Markov Chain Monte Carlo (MCMC) methods (for example, Yu
& Moyeed 2001). The computational ease with these methods has made Bayesian inference very
attractive to researchers in labor economics and related disciplines. The two major advantages of
Bayesian inference for quantile regression models, as compared to the classical methods, are that (i)
it provides the researcher with an entire posterior distribution of the parameter of interest and (ii) it
allows for parameter uncertainty to be taken into account while estimating or making predictions. In
health economics, numerous authors including Li & Poirier (2003), Munkin & Trivedi (2003), Deb,
Partha et al. (2006) Deb et al. (2006), Geweke et al. (2003), Bretteville-Jensen & Jacobi (2011), Hu
et al. (2015), Jacobi & Sovinsky (2016), among others, have implemented Bayesian methodologies.
This approach has also been used in labor-related fields by authors like, Li et al. (2004) Koop &
Tobias (2004), Kline & Tobias (2008), Li & Tobias (2011), Li et al. (2012), Hoogerheide et al.
(2012), Frithwirth-Schnatter et al. (2012); Frihwirth-Schnatter et al. (2016, 2018), Jacobi et al.
(2016), to name a few. However, within the realm of quantile regression, not enough attention has
been devoted to Bayesian approaches, with the sole exception being the work by Yu et al. (2005).
This study demonstrates the application of Bayesian methods to quantile regression, utilizing the
Markov Chain Monte Carlo (MCMC) method for estimation with both simulated and real-world
data. Simulated data with varying distributions and heteroscedasticity show that Bayesian quantile
regression is more robust to sample size, outliers, and non-normal error distributions. For real-
world data, the method is applied to analyze wage determinants, revealing that education and
experience yield greater wage premiums for higher earners, highlighting heterogeneity across the
wage distribution. The objective of this paper is to add to the literature on Bayesian quantile
regression methods by providing an illustration in the context of wage distribution analysis. In
this paper, the Bayesian approach to quantile regression revealed significant heterogeneity in
the relationship between BMI and wages among working males in Mexico, highlighting insights
overlooked by classical mean analysis. This method’s flexibility, resilience to outliers, and capacity
to produce full posterior distributions with credible intervals make it a powerful tool for capturing

intricate patterns and variations across the wage distribution.
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Section 3.2 presents a brief summary of quantile regression models. Section 3.3 describes the
theoretical and computational framework of quantile regression from a Bayesian perspective as
developed by Yu & Moyeed (2001). Section 3.4 illustrates an application to the wage distribution
among Mexico workers using the three-wave data from the Mexico Family Life Survey. The paper

ends with conclusion in Section 3.5.

3.2 A Brief Summary of Quantile Regression

As suggested by Koenker & Bassett Jr (1978), a simple way to estimate quantile regression is to
begin with the well-known classical regression model that shows how the mean of response variable
y changes with the value of independent variables x. Assume that the relationship between y and

z for individuals ¢ can be expressed as

vi =28+ € (3.1)

where the regression coefficients are given by § and model errors by €. The density of model errors
fe(.) is unknown but assumed to be normal. Here, we can obtain the conditional mean model if we
assume F(e|z) = 0. Likewise, a conditional median model assumes Med(e|x) = 0. In a conditional
mean model, we find an estimate of § that minimizes the sum of squared residuals ), (y; — x%ﬁ)?
Similarly, solving for the minimization of the sum of absolute deviation ), |y; — ;3| delivers the
regression coefficients 8 for the conditional median model.

As shown by Yu & Moyeed (2001), quantile regression model can be prompted by extending
the median case to all other quantiles of interest. In linear quantile regression model, let g,(y|z)

be the p* quantile of y conditional on z. Suppose the relationship between ¢p(ylx) and x is linear

ap(yilzi) = By (3.2)

where 3, is the vector of coefficients dependent on p. The quantile regression estimator of 3,

minimizes

mgn Z pp(Yi — iBp) (3-3)
=1
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where the loss function p), is defined with indicator function I(.) as

pp(u) = u(p — I(u < 0)) (3.4)

The loss function in Equation 3.4 can be re-written as

pp(u) = u(pI(u>0) — (1 —p)I(u <0)) (3.5)

In contrast to the conventionally used quadratic loss function for mean regression estimation, the
loss function associated with the quantile regression is more robust to outliers (see Huber 1996).
The loss function p, as shown in Equation 3.5 assigns a weight of p to the positive residuals and a
weight of (1 —p) to the negative residuals for p € (0,1). Equivalently, the instance when p = 0.5, in
the median regression, corresponds to minimizing the sum of absolute residuals (Benoit & Van den
Poel 2017). As pointed out by Yu et al. (2005), a number of sophisticated quantile regression
models have been established. An elaborate discussion on parametric, non-parametric, and semi-
parametric approaches is presented by Yu et al. (2003). For each, an estimate ﬁp of 3, is obtained,
followed by a prediction equation gy,(y|z) for the pt* quantile of y.

To quantify the sampling variability of the estimates 3, and g, (y|x), confidence intervals are
commonly used in most approaches. A 95% confidence interval gives the range of values that
have a 95% probability of containing the true value of parameter being estimated. However, to
construct the confidence intervals, estimation of asymptotic variances of Bp and ¢, (y|x) is required.
Unfortunately, asymptotic variances depend on the error density, making reliable estimation
challenging due to factors such as non-normality, small sample sizes, heteroscedasticity, and model

misspecification (Bilias et al. 2000).

3.3 The Bayesian Approach to Quantile Regression

3.3.1 From the Classical Approach to Bayesian Inference

Under the classical approach, the parameter /3, is unknown but not treated as random. Before the
collection of data, the (1-r)-level confidence set (which is random) contains the true value of the

estimated parameter with probability 1-r. However, once the confidence set is computed from the
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data, this may or may not hold true. In contrast, with Bayesian inference, the unknown parameter
Bp is treated as a random variable, and the computed, deterministic confidence set contains this
random parameter with probability 1-r (Yu et al. 2005).

Suppose a data vector is assumed to be sampled from a probability model with an unknown
parameter vector 3,. We can apply Bayes’ Rule to derive the posterior distribution of the parameter

Bp given the sample data. This can formally be written as

Likelihood Prior
Posterior P e

7By | dara) — Tt ) TR (3.
——

Normalizing constant
where, the probability density function of data given 3,, referred to as likelihood and expressed as
w(data | Bp), is the distribution of possible sample outcomes for any given value of 3,. Subsequently,
the probability distribution of 3, referred to as prior and expressed as m(f3,), is the prior intuitions
about the parameter value 3,. Lastly, the marginal distribution of data, referred to as a normalizing
constant and expressed as w(data), is simply the value that scales the posterior distribution
m(Bp | data) so it integrates to one. Since the normalizing constant is not a function of f,, the

posterior distribution 7(f, | data) can be expressed as

(Bp | data) x w(data | Bp)m(5p) (3.7)

If A(X) is a credible set that belongs to the subset of parameter space conditional on data then a

(1-r)-level Bayesian credible set can be defined as

PB,c A(z)| X =2]=1—r (3.8)

where, only 3, is random and therefore the probability can be determined using the posterior

distribution 7(f, | data) (Yu et al. 2005).

3.3.2 Bayesian Quantile Regression

Bayesian inference for quantile regression uses a likelihood function that aligns with the goal of

estimating conditional quantiles. The Asymmetric Laplace Distribution (ALD) is crucial in this
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framework, as it captures the asymmetry inherent in quantile regression. The ALD’s flexibility,
adjustable by the parameter p, allows it to shift toward specific quantiles, enabling accurate
modeling of different parts of the conditional distribution (Koenker & Bassett Jr 1978). The
inferential methods used in quantile regression can be classified into the following: (i) minimization
of weighted absolute deviations; and (ii) the maximization of a Laplace likelihood. The former,
as discussed in Section 3.2, makes minimal assumptions on the form of error term which allows
flexibility but makes inference challenging. The latter, on the other hand, is built on the Asymmetric
Laplace Distribution represented with a mixture of normal-exponential densities. However, it is
important to note that these two approaches are not mutually exclusive. The relationship between
ALD and the loss function in Equation 3.4 can be used to reformulate the quantile regression
method in the likelihood framework (Koenker & Machado 1999; Yu & Moyeed 2001).

Yu & Moyeed (2001) provide an in-depth review of the ALD approach for the errors and explore
Bayesian inference in the context of quantile regression. A random variable Y is said to follow ALD

if its probability distribution (pdf) is given by

fylp,o,p) = p(la_p)eXp{—pp (y_u>} (3.9)

g

where pp,(u) is as expressed in Equation 3.4. This distribution, denoted by ALD(y, o, p), has location
parameter p € (—00,0), scale parameter o > 0 and skewness parameter p € (0,1). However, it is
important to note that this ALD is not smooth which causes difficulty in maximizing its likelihood.
Fortunately, this ALD can be represented as a scale mixture of normal and exponential distributions
that allow the quantile regression models to be expressed as a normal regression model (see Yu &
Zhang 2005). Considering this property, it can be shown that the minimization problem given by
Equation 3.3 is equivalent to maximizing the likelihood function in Equation 3.9 using ALD errors
with g = 28, and o = 1. This parametric link assumes y; to be random variables drawn from a
skewed Laplace distribution. The likelihood function in the Bayesian inference for the pt* quantile

regression parameter can then be expressed as

m(data | Bp) = p"(1 - exp{ pr — i) } (3.10)
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3.3.3 Priors

Once the likelihood function with ALD is formulated, a prior distribution is placed on the
parameters. Priors, a crucial component in a Bayesian model specification, serve to quantify expert
knowledge or pre-existing information regarding model parameters. They are often classified as
either informative (subjective) or non-informative (objective). Generally, a non-informative prior
is represented by a distribution with a relatively flat density under which equal probability is
assigned to every potential value of the parameter. Normal and gamma distributions characterized
by significantly large variances compared to their parameter expectations are suitable for non-
informative prior applications. Uniform distributions are also frequently employed as non-
informative priors, and when applied to parameters with unbounded domains, they transform into
improper priors. Improper priors or priors with densities that do not converge to finite numbers are
permissible as long as they produce valid posterior distributions. In the context of Bayesian quantile
regression, Yu & Moyeed (2001) demonstrate that using improper uniform priors for the parameters
are guaranteed to result in proper posterior distributions of the parameters. In the absence of any
realistic information, this paper uses these findings to employ non-informative priors from the same

family in Equation 3.7.

3.3.4 A MCMC Algorithm

After the specification of a Bayesian model is completed, the next step of Bayesian analysis is
inference when the posterior distribution can be derived in a closed form. However, since the
posterior distributions are rarely available explicitly, many posterior estimates like posterior mean
and posterior standard deviation require integration. One technique to approximate the posterior
distribution with some level of precision is MCMC sampling (Tanner & Wong 1987). By definition,
a Markov chain is a sequence of values from the domain of the target distribution that depend on
its immediate predecessor only. For a well-designed MCMC, the longer the chain, the more it will
yield values that converge to the target distribution. The initial version of MCMC, of what is now
known as the random-walk Metropolis algorithm, was first introduced by Metropolis et al. (1953).
This algorithm generates a sequence of states, each obtained from the previous one, according

to a Gaussian proposal distribution centered at that state. In 1970, a more-general form of this
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algorithm called Metropolis-Hastings (MH) algorithm was introduced by Hastings (1970). The
steps to the random-walk MH sampler are the following. First, it requires the specification of a
proposal probability distribution with starting value 62 from the domain of posterior distribution
7(Bp|data). Then, at each iteration ¢, a proposal value 3} is generated conditional on the current
value and f3, is accepted or rejected according to the suitably defined acceptance probability. After
running the Markov chain for a burn-in period, samples are obtained from the limiting distribution,
provided that the Markov chain has reached convergence. Following Yu & Moyeed (2001), this paper
also simulates values from the posterior distributions by the means of random-walk MH algorithm
with a Gaussian proposal density centered at the current parameter value. For this sampler, the
acceptance probability depends on the value of p through the likelihood function, hence the fine
tuning of parameters like proposal step size is necessary to achieve optimal acceptance rates for

each value of p.

3.3.5 Bayesian Inference

Validity of the Bayesian analysis only holds if the Markov chain has successfully converged and the
sample is correctly drawn for the desired posterior distribution.! Hence, a very important step in a
MCMC simulation is checking convergence of the MCMC sample. The diagnostics usually involves
inspecting the mixing and time trends of multiple chains for each parameter. Trace plot is often used
as a first visual check of the convergence of the MCMC chains. It plots the values of the simulated
parameters against MCMC sample size (i.e. number of iterations retained after burn-in) and
connects the consecutive values with a line. The trace plot of a well-mixing parameter traverses the
posterior domain rapidly and has a nearly constant mean and variance. Vertical and dense looking
lines reflect a Gaussian random-walk MH algorithm that has achieved convergence. On the flip side,
a trace plot with sparse lines or trends indicate issues with convergence of the parameter. After
the burn-in period, the frequency of appearance of the parameters in the Markov chain represents
their posterior distribution. Contrary to classical approach that displays a single point estimate, a
full density distribution of the model parameters can be readily obtained here through histograms.

Overlaid with the density of the normal approximation of the posterior, a posterior histogram gives

LFor extensive discussions on methods of assessing and monitoring conversions, see Cowles & Carlin (1996); Gelman
et al. (2013); Brooks et al. (2011).
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a graphical representation of the marginal posterior distribution of the model parameter based on
the MCMC draws. Once the MCMC chain has converged successfully and the posterior probability
distribution is simulated, all summary statistics such as the posterior mean, posterior standard
deviation and the confidence intervals of the quantile regression parameters can be computed very
easily. An application of this method is presented in the following section. In this paper, the
posterior distributions of the model parameters were obtained by using the aforementioned MCMC
approach implemented in R through the ‘brms’ package. This package provides an interface to fit

Bayesian generalized linear and non-linear models by employing Stan programs (Biirkner 2017).

3.4 Application

To illustrate the application of Bayesian quantile regression, I start with a Mincer-type human

capital earnings function of the following form (Mincer 1974):

ln(ﬁ) = qb(XZ) + € (3.11)

where In(Y;) is the natural log of wages for individual i, X; is a vector of individual characteristics
that make up human capital such as ability, education, experience, etc. In this illustrative
application, pooled data set from Mexican Family Life Survey (MxFLS), as used by Hotchandani
(2024), is analyzed. The MxFLS is a longitudinal, multi-thematic survey representative of the
Mexican population at the national, urban, rural, and regional level. The initial wave of survey
was launched in 2001-02 with subsequent waves in 2005-06 and 2009-12. The waves are pooled
together and individuals between the working ages of 16 and 60 are retained for this study. The
final sample consists of nearly 15,120 males and 8,176 females.

Following Loh (1993) and Gortmaker et al. (1993), the relationship between BMI and wages can
be modeled using Equation 3.11. The response variable of interest, Y;, is the log of annual wages
adjusted for inflation from different waves to 2009 US Dollars. BMI is the body mass index defined
as individual weight (measured in kilograms) divided by the square of height (measured in meters

squared). Standard clinical classifications of BMI used in this paper are underweight (BMI below
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18.5), normal (BMI between 18.5 and 25), overweight (BMI between 25 and 30), and obese (BMI
above 30) (WHO 2021). In this model, as pointed out by some researchers, the linearity assumption
is not always credible (Kline & Tobias 2008; Shimokawa 2008). It is possible that wages respond
differently to changes in BMI for individuals that belong to different BMI categories. For instance,
individuals in the underweight or normal category may be rewarded more for a one-unit increase in
BMI compared to overweight or obese. Conversely, it is also possible that individuals on either tail
of the BMI distribution share similar wage penalties generating an inverted U-shaped relationship
between BMI and log wages. In such situations, a standard linear treatment-response model may
not be accurate. To account for non-linearities in the relationship between BMI and log wages,
high order polynomials of BMI are included in this paper. For computational manageability, the set
of individual characteristics are limited to BMI and BMI squared. This model with the standard

log-linear formulation for individuals i can be expressed as (Willis 1986; Polachek et al. 1993):

In(Y;) = Bogp) + By BM I + Boy BM I} + ¢; (3.12)

Quantile regressions using Bayesian inference are estimated at nine quantile points p = {0.1,
0.2,..., 0.9}. Non-informative improper priors of uniform distribution are used to generate posterior
distributions for all the model parameters. As we discussed earlier, random-walk MH algorithm with
a Gaussian proposal density centered at the current parameter value is used to generate samples
from the posterior distribution of 8,. The model is fitted using four chains, each with 12,500
iterations of which the first 2,500 are warm-up to calibrate the sampler, leading to a total of 40,000
posterior samples. To allow flexibility and comparability, estimations are conducted separately for
males and females. Figure 3.1 depicts the estimations of the model parameters 5y, 51, B2, and the
residual standard deviation o, for the 10", 50" and 90*" quantile for both genders. The left part of
each plot shows histograms of draws taken from the posterior distribution, and from which several
summaries like mean, standard deviation, etc. can be computed. The features of the histograms
confirm that the empirical distributions of these parameters are behaving as expected. The trace
plot on the right of each plot shows the behavior of the four simulations (i.e., the four chains) used

to approximate the posterior distribution. Here, the generated parameter values display a stable
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pattern in the mean and variance of the parameter across the chains. Trace plots show that the
random-walk MH sampler quickly moves to the stationary distribution and mixes very well for both
males and females. The histograms and trace plots of all the other quantiles are very similar, so
they are not displayed here. The estimated mean, standard error and 95% credible intervals of the
posterior distribution obtained for each parameter of this model are reported in Table 3.1 for males
and Table 3.2 for females. The first and second column in these tables summarize the posterior
distribution in one point estimate, i.e., posterior mean and standard error, respectively. The third
column gives the 95% credible interval that can be interpreted as “there is a 95% probability that
the true value of the parameter lies in this interval.”

In our model, coefficients from Table 3.1 and 3.2 cannot be interpreted directly as BMI enters
in quadratic form. The return on wages from a unit increase in BMI, i.e. the derivative of the
conditional quantile of log wage with respect to BMI, is given by a combination of coefficients
81+ 282 BM I, where the coefficients 81 and Py correspond to the coefficients on BMI and BMI
squared respectively. This derivative needs to be evaluated at some specified level of BMI. Four
points were selected for analysis: BMIs of 15, 22, 28, and 40, representing individuals in the
underweight, normal weight, overweight, and obese categories, respectively. For the purposes
of discussion, the outcomes from these four specifications are considered representative of their
respective BMI groups. These results are reported in Table 3.3 and 3.4 for males and females,
respectively. The numbers reported in columns (1) to (4) of these tables are the estimated returns
on annual wages for an additional unit in BMI times 100. To allow comparison, mean percentage
returns to BMI from least square regression estimation are also reported. To gain deeper insight
on where the effect of BMI on wages changes from positive to negative, the turning point of BMI
or maximum of the function is calculated and reported in column (5) of this table. This turning
point BMI* is achieved at the coefficient on BMI over twice the absolute value of the coefficient on
BMI? given by |61/(282)].

For ease of interpretation, the estimated returns from these tables are plotted in Figure 3.2a
for males and in Figure 3.2b for females. The solid lines represent the estimates from the Bayesian
quantile regression and the gray areas marked by the corresponding dashed lines represent the
95% credible interval. Estimates from the standard mean regression for each of the BMI category

are represented by the diamond-shaped point. These quantile plots in Figure 3.2 highlight the
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importance of using Bayesian quantile regression to understand the heterogeneous relationship of
BMI and wages, as well as the need to estimate a quadratic model. The returns to BMI not only
differ across quantiles of the conditional wage distribution, but also vary depending on where the
individual is in the BMI distribution. For both men and women, although trending differently, wage-
premiums across the wage distribution are larger at lower values of BMI and exhibit diminishing
returns. Additionally, both wage premiums and penalties are higher for low-wage earning men in the
bottom quantiles than their high-earning counterparts at the top. This difference in spread for men
across the wage quantiles can be characterized by heterogeneity in their fields of specialization. For
women, returns to BMI on either tails are comparable with flat returns around the median quantiles.
Differently from men, however, the overall impact of BMI on wages is not as heterogeneous across
quantiles or as significant for women.

Figure 3.2a shows that, the 10% wage premium estimated by the standard mean regression for
men in the underweight category, when deconstructed by Bayesian quantile regression, is seen to
constitute a much larger (nearly 14-17%) premium in the lower tail of the wage distribution. This
wage-premium gradually attenuates to below-average values of under 7-8% for the underweight
workers in top half of the distribution. Similar differential, but of a lower magnitude, occurs for
normal weight workers as well that average a little above 6%. A unit increase in BMI for an
individual with a normal BMI leads to wage premium of 7-10% for men in the bottom quantiles,
while it is less than 5% for those at the top. For overweight workers, however, this effect is much
more compressed and not statistically different to the estimates achieved from the mean regression
approach. The difference between the bottom (4-6%) and top (2-3%) quantiles for this group shrinks
to around 2%. These results, in general, are supportive of the high-nutrition and high-productivity
hypothesis that explores the link between caloric consumption and productivity (Bliss & Stern
1978). Workers in the lower points of the wage distribution are most likely to work blue-collar jobs
requiring more physical effort and greater muscle mass. Higher BMI, suggestive of better nutrition,
evidently improves labor productivity and consequently leads to higher wages. On the other hand,
high earners on the right end of the wage distribution are more likely to participate in white-
collar jobs that require higher intellectual activity and productivity may not be as driven by BMI.
Overall, these results indicate that an additional unit of BMI improves productivity, particularly for

non-overweight men involved in energy-demanding tasks. Interestingly, the opposite holds true for
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obese men. The turning point BMI* in column (5) of Table 3.3 indicates that the conditional wage
function peaks at the BMI value of around 35-37, and levels beyond that start to negatively impact
wages across the distribution. Figure 3.2a shows that the wage penalty associated with obesity at
bottom quantiles is quite severe at around 3-5%, and is negative but insignificant for those at the top.
These findings are in line with the existing literature and some explanations include weight-related
productivity loss (Cawley 2000; Pagan & Davila 1997), reduced training opportunities caused by
physical difficulties (Baum & Ford 2004) or additional costs of the health insurance covered by the
employers and charged on wages (Bhattacharya & Bundorf 2009). Additionally, the near-zero wage
penalties in the high-wage earners could be suggestive of improved technological development such
as automation, mechanization, and teleworking, in emerging economies such as Mexico, that offset
productivity loss associated with weight (Caliendo & Gehrsitz 2016).

Similar to the findings of men, Figure 3.2b shows that the declining trend of returns to BMI
is also maintained for women. However, in absolute terms, the effect of BMI is lower across the
wage distribution. In particular, non-obese female workers on either tails of the distribution see
a very nominal effect of under 1-2%, while this effect is not distinguishable from zero for almost
all of the central quantiles. These estimates are not very different from the estimates computed
at the mean (0.4-1.2%). The slight but noticeable impact of BMI evidenced at the lower end of
the wage distribution could be suggestive of nutrition-related improvements in performance and
productivity, specifically for physically demanding jobs. On the other hand, returns at the top
end may be reflective of the existing socio-cultural norms in Mexico where women with higher
body mass are found to be more attractive and rewarded as such in high-earning jobs (Renzaho
2004). Despite that, as indicated by the the turning point BMI* in column (5) of Table 3.4, on
average, women with a BMI level of higher than 35 see a negative impact. The wage penalties
across all the quantiles may be driven by BMI-related productivity loss as well as appearance-
based market discrimination (Pagan & Davila 1997). Although consistent with the expectations
of the developing world, the 95% credible intervals derived from the posterior distribution warrant
some caution in the interpretations of these findings. In the Bayesian setting, these estimates
cannot be differentiated from zero on account of the credible intervals displayed in Figure 3.2b. In
addition, the intervals of all four categories of BMI are highly overlapping, which indicates that

there is not enough evidence in the data to support category specific effects for women. Lastly, it is
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important to note that the majority of evidence collected so far should be interpreted as statistical
association rather than as causal effect. Nevertheless, these results could be extremely useful for
understanding the labor market effects of weight in a country of complex nutritional status where

hunger and obesity coexists.

3.5 Summary

This paper investigates the statistical association between BMI and wages for the working men and
women of Mexico by employing Bayesian inference to quantile regression, as an alternate approach
to classical frequentist methods. Quantile regression methods are highly valuable in various fields
of economics for offering expanded flexibility of covariate effects as well as for being more robust
to outliers compared to the standard mean regression. This tool is of immense help, particularly
in income and wage distribution analysis, where average effect may indeed hide more complex
behaviors. In fact, depending on the needs of the job it is reasonable to expect heterogeneous
returns to BMI across the conditional wage distribution. In addition, given the data, applying a
Bayesian modeling approach to answer this problem allows for an exact and full inference of all
the quantile regression coefficients with higher reliability of the coverage probabilities. In line with
Yu & Moyeed (2001), this paper considers a parametric modeling approach based on asymmetric
Laplace distribution of errors as a natural way to cope with the problem of Bayesian quantile
regression effectively. Non-informative improper priors of uniform distribution are used to generate
posterior distribution for all coefficients estimated. Subsequently, a random-walk MH algorithm
with a Gaussian proposal density centered at the current parameter value is utilized to generate
samples from the posterior distribution.

Bayesian inference proved effective in analyzing the wage structure among working individuals in
Mexico using three-wave data from the Mexico Family Life Survey. It is evident that investigating
different points along the conditional wage distribution uncovers a more complete view of the
relationship between wages and BMI that would otherwise be concealed by a standard mean
regression. Men’s wages are positively impacted by BMI, but these returns fall as we move from
lower to higher values of BMI. This declining trend also holds true for women. While there is a

nominal effect of BMI on women’s wages on either tails of the distribution, 95% credible intervals
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suggest that this effect is not distinguishable from zero. On the other hand, the relationship
seems to be positive and significant all through the wage distribution for non-overweight men; and
negative and significant only in the bottom part of the distribution for obese men. This strongly
suggests that BMI affects the current productivity of men, particularly at low levels of calories and
for physically taxing jobs.

Key recommendations for improving labor market outcomes in relation to BMI, health, and
wages focus on several important areas. First, employers can benefit from investing in workplace
health programs that promote balanced nutrition and physical activity, helping workers maintain a
healthy BMI, which can ultimately enhance productivity. Second, policymakers and organizations
should address weight-related biases in hiring and wage decisions to ensure more equitable treatment
for all workers, irrespective of their body weight. Finally, more research is needed to understand
how economic growth and urbanization affect the evolving relationship between BMI, wages, and
employment, especially in middle-income countries like Mexico. These efforts will help foster a

healthier, fairer, and more productive workforce.
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Table 3.1: Bayesian Estimates of Quantile Regression Parameters (Males)

Quantiles Parameters Posterior Posterior 95% Credible
Mean Std. Errors Interval
(1) 2) 3)
0.10
Intercept 1.7834 0.2014 [1.3754, 2.1548|
BMI 0.2989 0.0146 [0.2719, 0.3287]
BMI? -0.0043 0.0003 [-0.0048, -0.0038]
0.20
Intercept 3.1874 0.1602 [2.8786, 3.5109]
BMI 0.2492 0.0114 [0.2260, 0.2714]
BMI? -0.0036 0.0002 [-0.0040, -0.0032]
0.30
Intercept ~ 4.1123  0.1473 [3.8290, 4.4034]
BMI 0.2121 0.0105 [0.1910, 0.2322]
BMI? -0.0031 0.0002 [-0.0034, -0.0027]
0.40
Intercept 5.1372 0.1158 [4.9012, 5.3597]
BMI 0.1626 0.0080 [0.1474, 0.1792]
BMI? -0.0023 0.0001 [-0.0026, -0.0021]
0.50
Intercept 5.6120 0.1221 [5.3704, 5.8495]
BMI 0.1442 0.0088 [0.1272, 0.1617]
BMI? -0.0020 0.0002 [-0.0023, -0.0017]
0.60
Intercept 6.1043 0.1088 [5.8889, 6.3188]
BMI 0.1223 0.0078 [0.1069, 0.1378]
BMI? -0.0017 0.0001 [-0.0019, -0.0014]
0.70
Intercept 6.4078 0.1174 [6.1773, 6.6339]
BMI 0.1141 0.0085 [0.0979, 0.1307]
BMI? -0.0015 0.0002 [-0.0018, -0.0012]
0.80
Intercept 6.7251 0.0918 [6.5433, 6.9063]
BMI 0.1074 0.0066 [0.0944, 0.1204]
BMI? -0.0014 0.0001 [-0.0017, -0.0012]
0.90
Intercept 6.6599 0.1074 [6.4576, 6.8759]
BMI 0.1322 0.0079 [0.1162, 0.1471]
BMI? -0.0018 0.0001 [-0.0021, -0.0015]

Notes: Dependent variable is log of annual wages, adjusted for inflation from different waves
to 2009 US Dollars. The summarized results are based on 40,000 MCMC iterations for
working males between the ages of 16 & 60 with a sample size of 15,120. Source: Mexican
Family Life Survey.
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Table 3.2: Bayesian Estimates of Quantile Regression Parameters (Females)

Quantiles Parameters Posterior Posterior 95% Credible
Mean Std. Errors Interval
(1) 2) 3)
0.10
Intercept 8.1998 0.1423 [7.9232, 8.4801]
BMI 0.0357 0.0092 [0.0174, 0.0536]
BMI? -0.0005 0.0001 [-0.0008, -0.0002]
0.20
Intercept 6.3327 0.2327 [5.8778, 6.7933]
BMI 0.0291 0.0064 [0.0165, 0.0418]
BMI? -0.0004 0.0002 [-0.0008, 0.0000]
0.30
Intercept 6.4092 0.1780 [6.0665, 6.7569]
BMI 0.0246 0.0123 [0.0003, 0.0487]
BMI? -0.0004 0.0002 [-0.0008, 0.0000]
0.40
Intercept 7.2968 0.1514 [6.9791, 7.5644]
BMI 0.0112 0.0101 [-0.0072, 0.0321]
BMI? -0.0002 0.0002 [-0.0005, 0.0002]
0.50
Intercept 7.5993 0.1027 [7.3876, 7.7871]
BMI 0.0066 0.0069 [-0.0064, 0.0208]
BMI? -0.0001 0.0001 [-0.0003, 0.0001]
0.60
Intercept 7.7613 0.1083 [7.5275, 7.9502]
BMI 0.0084 0.0075 [-0.0049, 0.0245]
BMI? -0.0001 0.0001 [-0.0004, 0.0001]
0.70
Intercept 7.6554 0.1268 [7.3975, 7.8978]
BMI 0.0297 0.0088 [0.0128, 0.0476]
BMI? -0.0004 0.0001 [-0.0007, -0.0001]
0.80
Intercept 7.9922 0.1444 [7.7089, 8.2765]
BMI 0.0254 0.0096 [0.0067, 0.0442]
BMI? -0.0004 0.0002 [-0.0007, -0.0001]
0.90
Intercept 6.7352 0.1969 [6.3648, 7.1373]
BMI 0.0246 0.0126 [-0.0009, 0.0483]
BMI? -0.0003 0.0002 [-0.0007, 0.0001]

Notes: Dependent variable is log of annual wages, adjusted for inflation from different waves
to 2009 US Dollars. The summarized results are based on 40,000 MCMC iterations for
working females between the ages of 16 & 60 with a sample size of 8,176. Source: Mexican
Family Life Survey.
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Table 3.3: Percentage Return on Annual Wages to a Unit Increase in BMI
for Males

Mean/Quantile BMI=15 BMI=22 BMI=28 BMI=40 Turning Point BMI*

(1) (2) (3) (4) ()
0.10 16.97  10.94 5.77 -4.57 34.70
0.20 14.08 9.02 4.68 -3.99 34.48
0.30 12.06 7.79 4.12 -3.20 34.75
0.40 9.31 6.07 3.29 -2.26 35.11
0.50 8.35 5.52 3.09 177 35.63
0.60 7.24 4.91 2.92 -1.07 36.77
0.70 6.80 4.65 2.81 -0.87 37.16
0.80 6.44 4.43 2.71 -0.72 37.47
0.90 7.76 5.21 3.03 -1.34 36.32
Mean 9.97 6.54 3.60 -2.28 35.35

Notes: This table reports the estimated percentage returns on men’s BMI from Bayesian quantile
regressions for nine wage quantiles. The return on wages from a unit increase in BMI, i.e. the
derivative of the conditional quantile of log wage with respect to BMI, is given by a combination of
coefficients 81 +2082 BM I times 100, where the coefficients 51 and (2 correspond to the coefficients on
BMI and BMI squared respectively. This derivative is evaluated at four different levels of BMI: 15, 22,
28, and 40, representing individuals in underweight, normal weight, overweight and obese categories,
respectively. The turning point BMI* is achieved at the coefficient on BMI over twice the absolute
value of the coefficient on BMI? given by |ﬁl / (25})| For comparison purposes, mean percentage
returns to BMI from least square regression estimation are also reported. Source: Mexican Family
Life Survey.
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Table 3.4: Percentage Return on Annual Wages to a Unit Increase in BMI
for Females

Mean/Quantile BMI=15 BMI=22 BMI=28 BMI=40 Turning Point BMI*

(1) (2) (3) (4) (5)
0.10 2.08 1.39 0.80 -0.39 36.09
0.20 1.71 1.15 0.67 -0.29 36.38
0.30 1.26 0.70 0.22 -0.74 30.75
0.40 0.63 0.41 0.22 -0.17 34.72
0.50 0.37 0.23 0.12 -0.11 34.12
0.60 0.48 0.32 0.18 -0.10 35.71
0.70 1.69 1.10 0.59 -0.43 34.90
0.80 1.42 0.90 0.46 -0.44 34.15
0.90 1.50 1.05 0.66 -0.11 38.30
Mean 1.24 0.81 0.44 -0.30 35.18

Notes: This table reports the estimated percentage returns on women’s BMI from Bayesian quantile
regressions for nine wage quantiles. The return on wages from a unit increase in BMI, i.e. the
derivative of the conditional quantile of log wage with respect to BMI, is given by a combination of
coefficients 81 +2082 BM I times 100, where the coefficients 51 and (2 correspond to the coefficients on
BMI and BMI squared respectively. This derivative is evaluated at four different levels of BMI: 15, 22,
28, and 40, representing individuals in underweight, normal weight, overweight and obese categories,
respectively. The turning point BMI* is achieved at the coefficient on BMI over twice the absolute
value of the coefficient on BMI? given by |ﬁl / (25})| For comparison purposes, mean percentage
returns to BMI from least square regression estimation are also reported. Source: Mexican Family
Life Survey.
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3.7 Figures
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Figure 3.1: Posterior histograms and trace plots of the model parameters of Bayesian quantile
regression for males and females in the 10*", 50" and 90" wage quantile. The left part of each
plot shows histograms of the sample draws taken from the posterior distribution and the trace plot
on the right shows the behavior of the four chains used to approximate the posterior distribution.
Source: Mexican Family Life Survey.
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Figure 3.2: The y-axis of the quantile plot reflects the estimated percentage returns on annual wages
for a unit increase in BMI evaluated at four different levels of BMI: 15, 22, 28, and 40, representing
individuals in underweight, normal weight, overweight and obese categories, respectively. The nine
quantile points of the wage distribution are shown on the x-axis. The solid lines represent the
estimates from the Bayesian quantile regression and the gray bands marked by the corresponding
dashed lines represent the 95% credible interval. Estimates from the standard mean regression for

each of the BMI category are represented by the diamond-shaped point. Source: Mexican Family
Life Survey.
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