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ABSTRACT 
 

 

Chapter 1 uses the 2004 to 2008 Medical Expenditure Panel Survey to 

estimate the difference in annual medical expenditures between diabetics and 

non-diabetics. Various propensity score matching methods demonstrate that an 

adult diagnosed with diabetes incurs annual expenditures $2,900 higher than an 

otherwise identical non-diabetic. By splitting the diabetic sample into 8 treatment 

groups by diabetes comorbidity combination, it is clear that heart disease causes 

the largest increase in expenditures of diabetics compared to other comorbidities. 

Chapter 2 analyzes the diabetes expenditure differential over progression 

of the disease. Using propensity score matching, diabetes progression is defined 

both by disease duration and severity, as measured by treatment regimen. A 

persistent, statistically significant increase in the expenditure differential is 

estimated over diabetes duration quartile, with prescription drug, hospital and 

office-based provider expenditures of diabetics all increasing relative to those of 

non-diabetics. While diabetics treated with insulin incur the highest expenditures 

relative to non-diabetics, those treated with a diet modification alone are 

estimated to incur higher expenditures relative to non-diabetics than diabetics on 

a regimen of oral medication. 

Chapter 3 evaluates the effect of State Children’s Health Insurance 

Program (SCHIP) expansion on insurance coverage in Hawaii using the 1998 to 

2008 Current Population Survey. A model-based difference-in-differences 

approach compares changes in insurance coverage between the group of SCHIP-

targeted children and a control group consisting of children for whom eligibility 
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remained constant over the period of analysis. We estimate a 20 percent take-up 

rate of SCHIP and an 87 percent crowd-out rate of private insurance among 

newly-eligible children. 
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CHAPTER 1 

THE EFFECT OF DIABETES DIAGNOSIS ON ANNUAL MEDICAL 

EXPENDITURES 

 

1.1 Introduction 

Diabetes, an incurable yet highly manageable disease, is well on its way to 

becoming the most prevalent and costly chronic condition.1 The Centers for 

Disease Control and Prevention (2011) estimate a diabetes prevalence rate of 8.3 

percent in the U.S. In addition to the 25.8 million Americans affected2 by 

diabetes, an additional 80 million Americans are estimated to have pre-diabetes, 

a condition that leads to increased risk of developing diabetes and diabetes 

comorbidities. Thus, more than one-third of the total U.S. population either 

currently has diabetes or is on track to develop the condition in the near future 

and these numbers continue to grow. While astounding, the increasing rate of 

diabetes prevalence is only half of a dismal picture.  

The rapidly rising cost of healthcare and the government’s increasing 

expenditure on healthcare amplify the enormity of the diabetes epidemic. The 

growth in the price of medical services has outpaced the overall inflation rate for 

about two decades. While this trend continues, the federal government is bracing 

for a surge in Medicare enrollment, and this age demographic has the highest 

prevalence of diabetes and its comorbidities. Moreover, the Affordable Care Act 

                                                
1  Some other chronic conditions include: Alzheimer’s disease, asthma, chronic obstructive 
pulmonary disorder, cardiovascular disease, end-stage renal disease, hypertension, Parkinson’s 
disease and rheumatoid arthritis. 
2 Includes both individuals who are diagnosed and those who are undiagnosed and unknowingly 
living with the condition. 
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contains 7 sections exclusively providing and requiring expenditures for diabetes 

and related comorbidities. As such, the diabetes epidemic will particularly 

impact federal expenditures over the next decade. Of the $4.6 trillion in national 

health spending projected by the Centers for Medicare and Medicaid Services 

(2011) in 2020 (about 20 percent of projected GDP), one-half is projected to be 

financed by the government. 

The combined trends of rising diabetes prevalence and surging healthcare 

costs inspire the current research. The goals of this study are to estimate the 

“diabetes expenditure differential” – the effect of diabetes diagnosis on the 

medical expenditure of an adult age 18 and older – and to determine which 

medical service type is the biggest contributor to the differential. While there are 

many cost-of-illness studies that measure the annual cost of diabetes to society 

and the share of medical expenditures attributable to diabetes, only a handful of 

studies conduct regression-based analyses to estimate the effect of diabetes on 

individual medical expenditures, and even fewer examine specific expenditure 

type.  

The current study contributes to this small literature in two ways. First, it 

is the first study3 to use propensity score matching in estimating the effect of 

diabetes on expenditures to specifically address the selection bias that hampers 

existing estimates. Diabetes is defined as a “treatment” and eight matching 

techniques are employed to estimate the average treatment effect of diabetes 

                                                
3 Other studies, such as Margolis et al. (2001), Srinivasan et al. (2004), Eurich et al. (2005) and 
Ahmed et al. (2007), employ propensity scores to estimate clinical outcomes using a diabetic 
sample. Only one other study by Tao et al. (2010) employs propensity score matching to estimate 
medical expenditures of diabetics. However, their study uses only type 1 diabetics, whose 
condition and treatment are systemically different from those of type 2 diabetics. 
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diagnosis on the medical expenditures of diabetics. Second, this study is the first 

to address the possible endogeneity bias that arises when controlling for diabetes 

comorbidities. Effects on expenditures of combinations of the three most 

prevalent diabetes comorbidities – obesity, hypertension and heart disease – are 

explored. The diabetic sample is divided into 8 diabetes diagnosis groups based 

on comorbidity combination and the average treatment effect on the treated is 

estimated for each mutually exclusive group relative to non-diabetics using 

propensity score matching methodologies. A pooled cross-section of the 2004 to 

2008 Medical Expenditure Panel Survey is used.  

Diabetes is estimated to increase total annual medical expenditures by 

$2,900, on average, compared to non-diabetics, controlling for detailed 

demographics, health status, behavioral factors, insurance type and the presence 

of obesity, hypertension and heart disease. This large estimated impact is nearly 

double the average total expenditure incurred by a non-diabetic in the sample. 

Although not fully comparable to other estimates in the literature, this estimate 

better reflects payments made for services delivered than most existing 

estimates. Further, the methodologies employed herein render this highly 

statistically significant estimate that is robust to matching methodology more 

reliable.  

To explore the source of these increased expenditures, different service 

type expenditure categories are also employed as outcome variables affected by 

diabetes treatment. Much of the total expenditure differential is caused by the 
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effect of diabetes on prescription drug and hospital expenditures,4 which are 

estimated to be $1,200 and $925 higher per year, respectively, for diabetics than 

for non-diabetics. While these findings should be interpreted with mild 

reservation,5 the covariate balance of the matched sample between treatment and 

control groups is maximized and deemed sufficient to support these statistically 

significant findings that are robust to matching technique.  

When divided into diabetes diagnosis groups based on comorbidity 

combination, several key findings result that are masked when the treatment 

group consisted of the pooled sample of diabetics, regardless of comorbidity 

combination. As found in previous studies, the presence of heart disease 

contributes in a large way expenditures incurred by diabetics. A diabetic with 

heart disease and no other comorbidities incurs total expenditures $8,500 higher 

than a non-diabetic 6  per year, on average. Prescription drug expenditures 

incurred by diabetics increase in the number of comorbidities, but in a slight and 

gradual way. The effect of diabetes diagnosis on hospital expenditures is 

minimal and statistically insignificant until the diabetic is diagnosed with heart 

disease. Thereafter, the diabetic with heart disease incurs annual hospital 

expenditures $5,253 higher than a non-diabetic, on average. Office based 

provider expenditures also increase in the number of comorbidities, and the 

magnitude of the increase is highest once a diabetic receives a heart disease 

diagnosis. Even when diabetics are divided into diabetes diagnosis groups, 

                                                
4 Sum of inpatient and outpatient expenditures. 
5 Due to lack of perfect balancing, and therefore, perfect identification. 
6 Comorbidities (obesity, hypertension and heart disease) are not accounted for among the non-
diabetics in the control group. 
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however, there still appears to be no notable impact of diabetes and any 

comorbidity combination on emergency room expenditures. 

The findings herein provide important insight into the direct cost of 

medical care for diabetic adults. Because total individual medical expenditure by 

all payers is estimated, these findings demonstrate the magnitude of the financial 

burden of diabetes on the health care system as a whole. The less effective 

disease management programs are and the lower the patient compliance rate, the 

larger the diabetes expenditure differential will be. Further, as diabetes 

prevalence increases, the larger the total bill for diabetes medical care will be 

every year.  

These estimated expenditure differentials would prove useful to a wide-

ranging audience. Estimates can be used in cost-benefit analysis of specific 

diabetes and chronic disease management programs. Medicaid, Medicare and 

private insurers can also use these estimates in cost projections in relation to 

expanded and required spending on diabetes prevention and care. Moreover, 

prevention and management programs can be developed and amended to ensure 

that they simultaneously target diabetes comorbidities to avoid those that have 

the biggest impact on health and cost. These results demonstrate the particular 

need for diabetics to see a cardiologist upon diabetes diagnosis – prior to the 

development of any heart condition – to provide the best health and lowest 

expenditure outcomes. Most immediately, however, these findings are used as a 

foundation for further research presented in Chapter 2, where the model herein 

is adjusted to trace the time path of the diabetes expenditure differential.  
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1.2 Diabetes Mellitus 

Diabetes mellitus is a condition whereby the body struggles or is completely 

unable to convert bloodstream glucose into energy used by the body. There are 

two types of diabetes mellitus.7 Type 18 is classified as an autoimmune disease 

because the body itself attacks the insulin-producing beta cells in the pancreas. 

Those afflicted with type 1 must therefore perform daily injections of insulin, as 

it is needed in the glucose conversion process. Without these injections, those 

with type 1 would not survive. On the other hand, individuals who suffer from 

type 2 diabetes generally have insulin-producing beta cells. However, an 

insufficient amount of insulin is produced or that which is produced is used 

improperly in the glucose conversion process. Insulin injections are not typically 

initially required of individuals diagnosed with type 2, as this condition can 

often be regulated with oral medication, exercise and diet modifications. 

However, insulin injections often become necessary over time as type 2 

progresses. 

In both types of diabetes, glucose accumulates in the bloodstream, 

potentially triggering a host of co-morbid conditions. Nathan (1993) observes 

that both types of diabetes increase the risk of additional long-term diseases, 

such as retinopathy (blindness), neuropathy (nerve damage), nephropathy 

(kidney damage) and cardiovascular disease. Additionally, he notes that the 

main risk factors for diabetes – hypertension, high cholesterol and obesity – are 

the same risk factors for diabetes co-morbidities, such as heart disease and 

                                                
7 Hereafter referred to as “diabetes.” 
8 Also called juvenile diabetes, as it typically affects children and teenagers. However, young 
adults are diagnosed. 
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stroke. Thus, individuals often suffer from a triple threat of diabetes, obesity and 

heart disease and the proverbial chicken-or-egg question cannot be answered.  

Diabetics typically require more medical services than non-diabetics – 

whether for prevention or treatment purposes for both diabetes and related 

complications – thus, resulting in higher medical expenditures compared to non-

diabetics.9 Fishman, Von Korff, Lozano and Hecht (1997) find higher utilization 

of outpatient services, pharmaceuticals, inpatient hospitalization and longer 

hospital stays among diabetics with complications. Moreover, the longer the 

duration of diabetes, the further the disease progresses and induces additional 

complications and utilization. Gilmer, O’Connor, Manning and Rush (1997) find 

that even after controlling for demographic characteristics and cardiovascular 

disease, medical charges increase in blood glucose measurements. Shorr, 

Lonneke, Franse, Resnick, Di Bari, Johnson and Pahor (2000) find that blood 

glucose levels rise with duration of diabetes, even among diabetics who are on 

drug and insulin therapy. However, the effect of diabetes on utilization 

expenditures is actually evident even prior to receiving a diabetes diagnosis. 

Nichols and Brown (2005) find that individuals with elevated blood glucose 

levels (prediabetics) have statistically higher medical expenditures than those 

with normal blood glucose levels. Therefore, expenditures increase not only with 

diabetes diagnosis, but also in the duration of the disease and its symptoms. 

Although the specific cause of diabetes is still relatively unknown, it is 

widely believed that both genetic characteristics and behavioral factors are 

                                                
9 In the case that a diabetic individual does not receive any routine or maintenance healthcare, it 
is very plausible for this individual to incur emergency services medical expenditures (resulting 
from stroke or heart attack, for example) as the disease worsens. 
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determinants. Wing et al. (2001) cite healthful eating, physical activity and 

weight management as the most crucial behavioral factors contributing to both 

onset and advancement of diabetes. As such, there is a significant role for 

increased disease awareness and adoption of prevention and management 

practices by both physicians and patients to reduce the increasing diabetes 

incidence. However, it should be noted that even if a proven disease 

management regimen is prescribed by a physician and followed by the patient, 

diabetes can still continue to progress and trigger co-morbidities in some cases. 

This study does not distinguish between type 1 and type 2 diabetes, as this 

data is not explicitly collected by the national survey employed herein. The term 

“diabetics” hereafter simply refers to individuals who have been told by a health 

care professional that they have diabetes. The Centers for Disease Prevention and 

Control (2008) estimate that only 5 to 10 percent of individuals diagnosed with 

diabetes suffer from type 1, which is most common among children and adults 

under 30 years of age. The sample in this study is limited to the U.S. population 

aged 18 years and older. Thus, it is likely that majority of diabetic individuals in 

this study suffer from type 2. Children ages zero to 17 are excluded because 

medical data on this age demographic are not widely available.  

 

1.3 Literature Review 

There is an extensive cost-of-illness literature that estimates aggregate medical 

expenditures related to diabetes. The most recent and comprehensive such study 

by the American Diabetes Association (2008) estimates that the total cost of 

diabetes in the U.S. was $174 billion in 2007. Their estimate includes $116 billion 
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in direct medical expenditures related to diabetes, as well as $58 billion in 

indirect costs stemming from reduced nationwide productivity as a result of 

diabetes. However, this and other studies in this class of research typically 

compile data from multiple unrelated sources and employ attributable risk 

methodologies and etiological fractions to isolate expenditures related to 

diabetes. Cost-of-illness studies are thus excluded from this section and the 

reader is referred to Ettaro, Songer, Zhang and Engelgau (2004) for a 

comprehensive survey of this literature. The studies surveyed in this section are 

limited to analyses of the expenditure differential between diabetics and non-

diabetes on the individual level. Discussion is further limited to studies 

employing U.S. data, as inclusion of expenditure estimates using foreign data 

would necessarily reflect cross-country and cross-cultural differences in 

healthcare pricing, physician practice, insurance schemes and delivery system as 

a whole. 

 Rubin, Altman and Mendelson (1994) estimate the diabetes expenditure 

differential using a cross-section from the 1987 National Medical Expenditure 

Survey (NMES). They first aggregate expenditures10 by all payers for all self-

reported diabetics to obtain total annual medical expenditures by diabetics. They 

then divide aggregate expenditures by the number of diabetics to obtain the 

average per-capita expenditure for a diabetic individual. Comparing this per-

capita estimate to that for non-diabetics in the NMES sample, Rubin et al. (1994) 

find that diabetics11 incur expenditures $6,88912 higher than non-diabetics, on 

                                                
10 Excluding nursing home care. 
11 Estimate for self-reported diabetics. Rubin et al. further compute the estimated differential for 
confirmed diabetics, after checking medical records for purchase of diabetes medication. 
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average. The quality and reliability of this estimate is flawed on many levels. The 

authors do not condition expenditures on any demographic characteristics 

proven to affect medical care usage, particularly age. Therefore, this estimate is 

likely biased upward, as increased expenditure due to other reasons, such as age, 

health status, insurance coverage, etc., is attributed to diabetes. Further, they 

aggregate individual expenditure data, only to average it over the entire diabetic 

sample, thereby losing valuable individual-specific information. Finally, Rubin et 

al. (1994) fail to account for selectivity of being diagnosed and for diabetes 

comorbidities. 

 Brown, Nichols, Glauber and Bakst (1999) estimate the diabetes 

expenditure differential for 8 incident cohorts in the first year after diagnosis and 

measure changes in the differential for 8 years.13 Using medical records of 

individuals who have medical insurance through Kaiser Permanente Northwest 

Division (KPNW), a large health maintenance organization (HMO), they identify 

diabetics based on records in the KPNW Diabetes Registry and randomly match 

each to a non-diabetic control individual (also a KPNW member) based on sex, 

age, and duration of health plan membership. Costs (discussed in the next 

paragraph) incurred by each group in the matched sample are aggregated, and 

aggregate cost incurred by non-diabetics are then subtracted from those of 

diabetics to produce “aggregate incremental type 2 diabetes costs.” When 

averaged over the 8-year post-diagnosis period, Brown et al. (1999) estimate that 

                                                                                                                                            
12 1992 dollars. 
13 The first cohort includes 8,685 diabetics, with 7 subsequent diabetic cohorts of the following 
sizes: 6,743, 5,097, 3,738, 2,703, 1,833, 1,076 and 502. The first cohort provides 8 years of data, the 
second 7 years, all the way until the last cohort that provides only a single year of data. 
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the incremental costs associated with diabetes is $2,25714 per person. They also 

analyze the effect of diabetes on various categories of medical expenditures and 

find that the total cost differential is driven by in large part by incremental 

hospital inpatient costs incurred by diabetics ($1,030 on average, per year), as 

well as incremental prescription drug costs incurred by diabetics ($595 per year).  

There are several benefits to using an identically-insured population. First, 

it is very likely that any selection bias resulting from the decision to have health 

insurance choice is negligible,15 while the bias resulting from the choice of which 

plan to purchase is minimized.16 Secondly, using such a population inherently 

reflects many unobserved individual-specific characteristics that the researcher 

would be unlikely to observe or measure otherwise. Individuals inclined to buy 

health insurance are likely also inclined to make other decisions affecting 

medical care usage and thus costs. For example, the fact that most individuals in 

the KPNW population live in the same region of the country arguably reduces a 

lot of the within-sample variation in overall heath status and behavioral 

characteristics found in other studies.  

The main limitation of Brown et al. (1999) is the interpretation of their 

results. Their estimated diabetes cost differential is incomparable to the estimated 

diabetes expenditure differential of other studies, including the current one. 

Because the individual cost data from the KPNW employed in their study 

                                                
14 1993 dollars. 
15 There is still some selection bias because not all enrollees are plan holders who made the 
decision to have insurance; those who are spouses or other dependents covered by the holder’s 
plan may not have necessarily selected to have insurance otherwise. 
16 Here, too, some selection bias resulting from plan choice remains, however it is much smaller 
than for the population in general, because all KPNW enrollees only have a handful of plans to 
choose from, and any unobserved characteristics that would cause them to choose an HMO 
would be removed. 
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reflects only costs incurred by the HMO17, and because unit prices are estimated 

via an in-house price setting system, costs for each particular service delivered 

are uniform across individuals in the KPNW population but are not 

representative of the expenditures incurred for the same service by the average 

American. Essentially, KPNW costs are pure production costs. Further, cost of 

care provided by non-KPNW facilities are not included, nor are payments from 

any other payer. Another important flaw in this study lies in the matching 

technique used. Each diabetic in the KPNW population is matched to a single 

non-diabetic KPNW individual based only on age, sex and duration of health 

plan membership. Because the authors fail to account for other important 

demographic characteristics that impact medical care usage and overall health 

status, such as ethnicity, socio-economic status and presence of other conditions, 

the match quality is very poor. Further, as in Rubin et al. (1994), Brown et al. 

(1999) fail to account for selectivity and comorbidities. 

Brown, Pedula and Bakst (1999) employ the same KPNW diabetes registry 

as Brown et al. (1999) to obtain their 1995 sample of 11,768 diabetics. They use 

OLS to estimate the effect of stage of cardiovascular disease (CVD) – one of the 

most prevalent and costly diabetes comorbidities – and stage of renal disease18 on 

KPNW-incurred costs controlling for age and sex. They estimate that diabetics 

with a major CVD event (heart attack, stroke) incur costs $8,43919 higher than 

diabetics without CVD or renal disease. While this is one of few studies to 

                                                
17 Costs for services received at non-KPNW facilities are not included 
18  Renal disease, which often forces diabetics to undergo hemodialysis, is a very costly 
complication of diabetes. It is more common among the elderly and, although increasing in 
prevalence, relatively less common among adults under 65 years. 
19 1993 dollars. 
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employ regression analysis, their failure to account for selectivity and condition 

upon other important demographic variables causes bias and reduced reliability 

of their estimates. Further, their estimates suffer from the same lack of 

comparability as those of Brown et. al (1999). 

Nichols and Brown (2002) estimate the diabetes expenditure differential 

accounting for CVD diagnosis. They employ as their treated sample all 16,180 

members of the KPNW Diabetes Registry who had type 2 diabetes and were 

covered by the HMO for all of 1999. Diabetics are randomly matched with non-

diabetic KPNW members based only on sex, age and 12 consecutive months of 

KPNW enrollment in 1999. Costs from the perspective of KPNW are used, as in 

Brown et al. However, Nichols and Brown (2002) also obtain CVD diagnosis 

information for all patients in their sample and calculate the mean expenditure 

among 4 groups of individuals: neither diagnosis (control group), diabetes but 

no CVD, CVD but no diabetes and both diabetes and CVD. They estimate that 

diabetes diagnosis results in expenditures $1,84020 higher per year compared to 

non-diabetics and that individuals with both diabetes and CVD incur 

expenditures $7,610 higher than the control group. However, while they control 

for CVD, they do not account for other diabetes comorbidities, and they fail to 

account for selectivity.   

Gilmer, O’Connor, Rush, Crain, Whitebird, Hanson and Solberg (2005) 

estimate the impact of coronary heart disease (CHD) and hypertension on 

medical costs incurred by diabetics.21 They employ administrative data from 

                                                
20 1999 dollars. 
21 The study also estimated the impact of depression on expenditures, however, this diabetes 
comorbidity is outside the scope of the current survey. 
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HealthPartners, a Minnesota-based HMO, to obtain a sample of 1,694 diabetics 

by analysis of medical records for diabetes-related ICD-9 codes and a follow-up 

survey. Using a generalized linear model (GLM) with log-link and gamma 

variance functions, the dependent variable in their analysis is cost from the 

perspective of the insurer (similar to the studies that employ KPNW data). Here, 

however, Gilmer et al. (2005) attempt to normalize the unit prices used in their 

cost calculations for services delivered by HealthPartners by employing standard 

Medicare payment rates.22 As such, their estimates are based on charges and are 

slightly more comparable to studies that predict the effect on total expenditures, 

however, still not fully reflective of total expenditures by all payers.23 Improving 

upon previous studies, they control for key demographic characteristics,24 as well 

as duration of diabetes and duration of plan enrollment. The analysis by Gilmer 

et al. (2005), however, differs from the other studies presented in that they 

estimate the effect of diabetes comorbidities on costs relative to costs incurred by 

diabetics without any comorbidities, as opposed to costs incurred by non-

diabetic matches. They find that diabetics with hypertension incur costs $1,857 

higher than diabetics without comorbidities (control group); diabetics with heart 

disease incur costs $7,448 higher than the control group; and diabetics with both 

hypertension and heart disease incur costs $10,882 higher than the control group. 

Thus, while hypertension further increases expenditures by diabetics without 

either of these comorbidities, heart disease appears to be a much bigger driver of 

                                                
22 Standard Medicare payment rates are based on diagnostic related groups (DRGs) and relative 
value units (RVUs), based on the service type. 
23 While some private insurers use Medicare payment schedules as a guideline for setting their 
reimbursement rates, this is not the case for all service lines for all insurers.  
24 Age, sex, income and education. 
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utilization by diabetics. The findings of Gilmer et al. (2005) are more reliable than 

previous estimates and more comparable to estimates comparing the 

expenditure differential, however, they do not explore costs by service type, nor 

do they account for selectivity.  

Trogdon and Hylands (2008) use a pooled cross-section of the 2000-2004 

Medical Expenditure Panel Survey to estimate the diabetes expenditure 

differential. They employ a GLM with log-link and gamma-variance functions 

and control for a host of key demographic characteristics that likely affect 

utilization: age, sex, race, education, income, type of health insurance, duration 

of diabetes and 4 diabetes comorbidities: heart problems (with the effects of heart 

disease, stroke and CHF separately controlled for), hypertension, high 

cholesterol and renal failure. On average, they estimate that diabetics incur 219 

percent higher expenditures than non-diabetics, accounting for all 4 diabetes co-

morbidities.  

The current study improves upon the existing literature in two major 

ways. First, this study employs propensity score matching to address the 

selection bias resulting from both the increased likelihood of certain individuals 

to be diabetic, but also the inclination of certain individuals to seek medical care, 

which would allow for a diabetes diagnosis in a diabetic patient. Second, this 

study includes the three most common diabetes comorbidities/risk factors as 

covariates to elicit the additional impact of their presence on diabetics’ 

expenditures, thereby possibly creating an endogeneity bias (also present in the 

studies discussed herein). An attempt is subsequently made to reduce this bias. 
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Table 1.1. Estimates of the Diabetes Expenditure Differential 

Author(s) Data Study 
Year(s) Methodology Dollar Figure Analyzed 

Estimated Annual  
Expenditure/Cost 

Differential 

Rubin et al. 
(1994) NMES 1987 

Unadjusted difference between 
mean diabetic expenditure and 
mean non-diabetic expenditure 

Total expenditures by all payers for 
all services except nursing home 
care 

$6,889a 

      

Brown et al. 
(1999) KPNW 1988-1995 

One-to-one match between 
diabetics and non-diabetics on 
age, sex and duration of 
KPNW coverage 

Costs incurred by KPNW 
(production cost) for services at 
KPNW facilities and amounts paid 
for covered services at non-KPNW 
facilities 

$2,257a 

      

Brown, Pedula 
& Bakst  (1999) KPNW 1987-1995 

OLS regression of costs on age, 
sex, CVD stage and renal 
disease stage using only a 
diabetic sample 

Costs incurred by KPNW 
(production cost) for services at 
KPNW facilities and amounts paid 
for covered services at non-KPNW 
facilities 

$7,352e 

      

Nichols & 
Brown (2002) KPNW 1999 

One-to-one match between 
diabetics and non-diabetics on 
age, sex and duration of 
KPNW coverage, followed by a 
split of diabetics into CVD and 
no CVD 

Costs incurred by KPNW 
(production cost) for services at 
KPNW facilities and amounts paid 
for covered services at non-KPNW 
facilities 

$1,840a 

 

(continued on next page) 
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Table 1.1. (continued) Estimates of the Diabetes Expenditure Differential 

Author(s) Data Study 
Year(s) Methodology Dollar Figure Analyzed 

Estimated Annual  
Expenditure/Cost 

Differential 

Gilmer et al. 
(2005) HealthPartners 1999-2002 

GLM on age, sex, 
socioeconomic status, 
insurance enrollment, diabetes 
duration, CHF and 
hypertension using only a 
diabetic sample 

Costs incurred by HealthPartners 
(production cost) for services 
delivered at contracted facilities, 
converted to Medicare payment-
based charges 

$1,857b 

$7,448c 

$10,882d 

      

Trogdon and 
Hylands (2008) MEPS 2000-2004 

GLM on age, sex, 
socioeconomic status, 
insurance type, diabetes 
duration, heart problems, 
hypertension, high cholesterol 
and renal disease 

Total expenditures paid by all 
payers for all services 219%a 

 

a Higher expenditure by diabetics over non-diabetics 
b Higher expenditure by diabetics with hypertension over diabetics without hypertension or heart disease 
c Higher expenditure by diabetics with heart disease over diabetics without hypertension or heart disease 
d Higher expenditure by diabetics with hypertension and heart disease  over diabetics without hypertension or heart disease 
e Higher expenditure by diabetics with major heart event over diabetics without CVD or renal disease 
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Table 1.1 presents a summary of the studies discussed in this survey, including 

existing estimates against which the findings herein are compared. 

 

1.4 Data and Empirical Strategy 

1.4.1 Data 

This study employs a pooled cross-section from the 2004 to 2008 Medical 

Expenditure Panel Survey (MEPS). The MEPS – administered by the Agency for 

Healthcare Research and Quality (AHRQ) – surveys individuals and families 

drawn from the nationally representative sampling framework of the National 

Health Interview Survey (NHIS), which is conducted by the Centers for Disease 

Control and Prevention (CDC). AHRQ collects data from individuals in each 

panel through a series of five rounds over a two-year period. The Household 

Component of the MEPS contains information on demographics, employment, 

health status, medical conditions, insurance coverage and medical service usage. 

AHRQ obtains the permission of all surveyed individuals to contact all 

employers, medical service providers and health insurers to validate the self-

reported data. This is a unique and valuable feature of the MEPS because 

individuals may not precisely recall or may fail to report some information that 

can be more accurately provided by the other three sources. The MEPS dataset is 

therefore of higher quality than other national health surveys that contain only 

self-reported data and likely suffers from a smaller degree of measurement error. 
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Table 1.2. MEPS 2004-2008 Sample Size, by Diabetes Diagnosis 

  Diabetics Non-diabetics Total 
Sample size 9,406 91,785 101,191 

Weighted %* 8.25% 91.75% 100.00% 
 
* MEPS survey weights applied. 
 
 
 

The 2004 to 2008 MEPS sample employed by diabetes diagnosis is 

presented in Table 1.2. When MEPS sampling weights are applied, the 9,406 

diabetics imply a prevalence rate of 8.25 percent among the pooled sample.25 The 

objectives of this study are to estimate the “diabetes expenditure differential” – 

the difference in annual medical expenditures between diabetics and non-

diabetics, and to determine the major driver of this differential by analyzing 

expenditures by service type. Table 1.3 demonstrates the vast difference in the 

level of total annual individual medical expenditures26 between diabetics and 

non-diabetics. All expenditure dollar figures reported in this analysis are in 

constant 2005 dollars.27 

 

                                                
25 According to the Centers for Disease Control and Prevention (2010), the average annual 
diabetes prevalence rate in the U.S. from 2004-2008 was about 7.1 percent, slightly lower than our 
estimate. This difference likely occurs because the CDC rate is age-adjusted and the sample rate is 
not, and because the CDC rate reflects prevalence among all ages, while the sample rate reflects 
prevalence among adults ages 18 and older. Any remaining difference, which is arguably small, 
is likely due to MEPS survey response bias. 
26 “Total annual individual medical expenditures” analyzed in this paper includes expenditures 
by all payers, including: Medicaid, Medicare, Tricare, Veterans’ Administration, private, workers’ 
compensation, self (out-of-pocket), other federal, other state/local, other public, other private and 
other sources, all defined by the Agency for Healthcare Research and Quality.  
27 As recommended by AHRQ, all total nominal expenditure data are adjusted using the gross 
domestic product (GDP) deflator; nominal prescription drug expenditures are adjusted using 
consumer price index (CPI) for prescription drugs; nominal hospital and emergency room 
expenditures are adjusted using the producer price index (PPI) for hospitals; and nominal office-
based provider expenditures are adjusted using the consumer price index for physician/clinical 
services. 
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Table 1.3. Mean Expenditure Differential 

Total Annual Medical Expenditures 

 
Mean SE Min Max |t-statistic| P-value 

Diabetics $10,165.93 $239.52 $0.00 $504,739.30   
Non-diabetics $3,513.24 $52.54 $0.00 $455,232.60     
Difference $6,652.69       27.66 0.0000 

       
Annual Prescription Drug Expenditures 

 Mean SE Min Max |t-statistic| P-value 
Diabetics $3,008.00 $55.41 $0.00 $112,499.00   
Non-diabetics $735.23 $12.52 $0.00 $210,476.10     
Difference $2,272.77 $54.05     42.05 0.0000 

       
Annual Hospitala Expenditures 

 Mean SE Min Max |t-statistic| P-value 
Diabetics $3,952.24 $174.49 $0.00 $402,616.00   
Non-diabetics $1,308.89 $31.20 $0.00 $495,826.30     
Difference $2,643.35 $174.40     15.16 0.0000 

       
Annual Emergency Room Expenditures 

 Mean SE Min Max |t-statistic| P-value 
Diabetics $215.48 $11.56 $0.00 $128,547.40   
Non-diabetics $131.01 $3.29 $0.00 $65,015.75     
Difference $84.48 $12.08     6.99 0.0000 

       
Annual Office-Based Provider Expenditures 

 Mean SE Min Max |t-statistic| P-value 
Diabetics $2,004.75 $62.38 $0.00 $191,134.00   
Non-diabetics $880.51 $13.84 $0.00 $335,860.00     
Difference $1,124.24 $63.58     17.68 0.0000 

       Total sample size = 101,191 
  

Diabetics = 9,406 
  

Non-diabetics = 91,785 
 

 

a Includes both inpatient an outpatient expenditures. 
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 Diabetics in the sample incurred expenditures that exceeded those of non-

diabetics by $6,652.69, on average. The magnitude of this statistically significant 

unconditional mean difference lends credit to the hypothesis that there is a 

systematic effect of diabetes on medical expenditures and that this effect is 

relatively large. Analyzing expenditures by service type demonstrates that 

diabetes has a positive and sometimes large effect on annual medical 

expenditures for prescription drugs, hospital use,28 emergency room use, and 

office-based provider services. The largest expenditure differences are for  

prescription drugs and hospital services, which are an average of $2,643.35 and 

$2,272.77 higher, respectively, for diabetics than non-diabetics. These 

unconditional means suggest that diabetes and its complications increase drug 

use and hospital encounters in a substantial way. 

 Table 1.4 describes all variables used in this study, while Table 1.5 

compares variable means across diagnosis groups. As expected, diabetics in the 

2004 to 2008 MEPS sample are, on average, older than non-diabetics; they are 

more likely to be non-white, unemployed, less educated and have lower 

household income;29 they are more likely to report being of poor and average 

health and advised by their doctor to eat foods that are less fatty; they are less 

likely to be physically active at least 3 times per week; they are much more likely 

to have a usual care provider and be insured by Medicare or Medicaid instead of 

private insurance; and they are much more likely to be obese, have high blood 

pressure and suffer from a heart problem.  

                                                
28 Throughout this analysis, hospital expenditures include both inpatient (admitted) expenditures 
and outpatient expenditures (same-day service). 
29 Nominal income is adjusted for inflation using the CPI. 
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Table 1.4. Variable Description 
 
Outcome Variables  
     Total Expenditure Total annual medical expenditure summed over all payers 
     Rx Drug Expenditure Annual prescription drug expenditure 
     Hospital Expenditure Annual hospital inpatient and outpatient expenditure 
     ER Expenditure Annual emergency room expenditure 
     OB Expenditure Annual office-based provider expenditure 
Treatment Variable  
     Diabetes* Ever received a diabetes diagnosis from a medical professional 
Covariates  
     Age Age at end of year 
     Female* Female 
     Hispanic* Hispanic ethnicity, may be any race 
     Black* Black, not Hispanic, may be mixed race 
     Asian* Asian, not Hispanic or black, may be other mixed race 
     White*† Caucasian, not Hispanic, black or Asian, may be other mixed race 
     Other race* All other races, not Hispanic, black, Asian or Caucasian 
     Married* Married at any time during year 
     Household size Number of people living in home 
     MSA* Lived in a metropolitan statistical area any time during year 
     Employed* Employed at any time during year 
     Household income Total household income during year 
     No degree*† Did not complete high school or receive a GED 
     High school diploma* Completed high school, maybe attended college, no college degree 
     College degree* Earned college degree 
     Usual provider* Has a usual healthcare provider 
     Poor health*† Minimum health status during year was "fair" or "poor" 
     Average health* Minimum health status during year was "good" 
     Great health* Minimum health status during year was "very good" or "excellent" 
     Active* Moderate or vigorous physical activity ≥ 3 times per week 
     Eat healthier* Advised by a doctor to eat less fatty foods 
     Private insurance* Covered by private insurance any time during year, including Tricare 
     Public insurance* Covered only by Medicaid and/or Medicare during year (no private) 
     Uninsured*† No insurance coverage of any kind for the entire year 
     Obese* Body mass index (BMI) ≥ 30 
     Hypertension* Ever diagnosed with high blood pressure 
     Heart problem* Ever diagnosed with heart disease or had a stroke 
     y2004*† Observation is in 2004 MEPS sample 
     y200#*  Observation is in 200# MEPS sample, where # = 5, 6, 7, 8 
 * Dummy variable 
† Benchmark group  



 23 

Table 1.5. Summary Statistics, by Diagnosis Group 

  Diabetics Non-diabetics 

 N = 9,406 N = 91,785 
Variable Mean SE Mean SE 
Age 60.373 0.225 44.905 0.151 
Female 0.510 0.008 0.516 0.002 
Hispanic 0.130 0.007 0.124 0.005 
Black 0.153 0.007 0.111 0.004 
Asian 0.036 0.004 0.045 0.002 
Other race 0.018 0.003 0.008 0.001 
White 0.663 0.010 0.712 0.006 
MSA 0.801 0.012 0.839 0.009 
Married 0.649 0.008 0.589 0.004 
Household size 2.310 0.019 2.712 0.013 
Employed 0.463 0.008 0.749 0.003 
Household income $53,218.69 836.06 $70,578.00 601.72 
No degree 0.236 0.007 0.154 0.003 
High school diploma 0.520 0.008 0.497 0.004 
College degree 0.245 0.008 0.349 0.005 
Usual provider 0.937 0.003 0.757 0.004 
Poor health 0.222 0.006 0.046 0.001 
Average health 0.357 0.007 0.159 0.002 
Great health 0.421 0.008 0.795 0.003 
Active 0.419 0.007 0.594 0.004 
Eat healthier 0.702 0.007 0.301 0.003 
Private insurance 0.622 0.008 0.723 0.004 
Public insurance 0.306 0.007 0.131 0.003 
Uninsured 0.071 0.003 0.145 0.003 
Obese 0.529 0.007 0.249 0.003 
Hypertension 0.712 0.007 0.245 0.003 
Heart problem 0.346 0.008 0.111 0.002 
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1.4.2 Empirical Strategy 

This study employs propensity score matching (PSM) methodologies to reduce 

the selection bias that hampers existing estimates of the diabetes expenditure 

differential. Matching techniques in general are often used in policy evaluation30  

program evaluation,31 and medical treatment evaluation,32 where two problems 

arise. The first is the treatment evaluation problem, whereby only one outcome is 

observed for each individual based on treatment participation. In the current 

analysis, treatment is defined as a diabetes diagnosis. Using notation from and 

following the discussion of Heckman, Ichimura and Todd (1998), let D represent 

the group to which an individual belongs. D = 1 if the individual is diabetic and 

D = 0 if the individual is non-diabetic. Let (Y0, Y1) be the expenditure outcomes 

associated with individuals in each treatment group. The treatment effect for 

each individual is the change in expenditure after receiving a diabetes diagnosis: 

∆ = Y1–Y0. However, only one expenditure outcome per individual in the sample 

is observed: Y = DY1 + (1–D)Y0. As demonstrated in Figure 1.1, for each 

individual, either Y1 – expenditures when treated – or Y0 – expenditures when 

not treated – is observed.  

 

 

 

 

 

                                                
30 E.g., Lechner (2002a). 
31 E.g., Heckman, Ichimura and Todd (1997). 
32 Vikram, Buenconsejo, Hasbun and Quagliarello (2003). 
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Figure 1.1. Outcomes for Treatment and Control Groups 

 Outcomes 

 Y0 

Expenditure if non-diabetic 
Y1 

Expenditure if diabetic 
D = 0 

Non-diabetics Observed Counterfactual 

D = 1 
Diabetics Counterfactual Observed 

 

 

 The parameter of interest in this and most treatment evaluation studies is 

the average treatment effect on the treated (ATT) for individuals with 

characteristics X, given by  

 

                 τATT = E(Y1–Y0| D = 1, X) = E(Y1|D = 1, X) – E(Y0|D = 1, X)               (1.1) 

 

 The first term on the right side of the equality can be estimated from the 

available data, as Y1 is observed for diabetics. However, second term cannot be 

directly estimated because Y0 – the level of expenditure they would have 

incurred without a diabetes diagnosis – is unobserved. E(Y0|D = 1, X)  must 

therefore be “recovered” from E(Y0|D = 0, X), the observed expenditures of non-

diabetics, and herein lies the second problem that arises with any treatment 

evaluation – selection bias. If treatment assignment is truly randomized, then 

selection bias does not result. However, in many program evaluations, including 

the current analysis, and with observational studies, treatment is a participation 

decision made by the individual. Thus, the selection bias results because it is 
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very likely that the expenditures of diabetics would systematically differ from 

those of non-diabetics even in the absence of a diabetes diagnosis (treatment). In 

other words, the same characteristics that cause individuals to have diabetes and 

be diagnosed would also affect their level of medical expenditures even without 

the diagnosis. The selection bias is thus given as 

 

  E(Y1|D = 1) – E(Y0|D = 0) = τATT + E(Y0|D = 1) – E(Y0|D = 0),              (1.2) 

 

and the ATT is only identified if two assumptions hold: 

 

            (Y0 , Y1) ⊥ D | X       and                                              (1.3) 

  

0 < Pr (D = 1 | X) < 1  .                         (1.4) 

 

The conditional independence assumption (CIA) given by (1.3), also 

referred to as “unconfoundedness,” is a very strong requiring that all variables 

that simultaneously influence treatment assignment and the outcome must be 

observed by the researcher and included in X. In the current setting, any factor 

affecting both diabetes diagnosis and an individual’s level of expenditure must 

be observed and included to remove the selection bias and perfectly identify the 

ATT. The “overlap” assumption, given by (1.4), requires that individuals with 

the same values of X have a positive probability of being diabetic and non-
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diabetic. In other words, a given set of values for X cannot perfectly predict 

treatment or lack of treatment. 33  

In many treatment evaluations, X may contain a large number of 

variables, making it very difficult to satisfy the CIA and identify the ATT. Thus, 

Rosenbaum and Rubin (1983) suggest the use of balancing scores, one of which is 

the propensity score, defined as 

 

                                 p(X) ≡ Pr (D = 1|X) = E(D|X)                                        (1.5) 

 

Employing the notation of Becker and Ichino (2002), the ATT can now be 

estimated as a function of the known propensity score (conditional on X): 

 

 τATT ≡  E(Y1 – Y0|D = 1) 

         = E ( E (Y1 – Y0|D = 1, p(X) ) ) 

         = E ( E (Y1|D = 1, p(X) ) – E (Y0|D = 0, p(X) )   |  D = 1 )                  (1.6) 

 

The derivation of (1.6) requires two assumptions. Rosenbaum and Rubin (1983) 

show that as treatment conditional on the propensity score is random, then 

treated and control observations with the same propensity score should be, on 

average, identical in X: 

 

                            D ⊥ X | p(X)                                                     (1.7) 

                                                
33 Heckman et al. (1998) show that when the estimate of interest is the ATT, weaker forms of the 
CIA and overlap assumption, given by (Y0) ⊥  D|X  and  Pr(D  =  1|X)<1,  respectively,  are sufficient 
for identification of  (1.2).  
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This is the balancing hypothesis. Further, it is shown that if the counterfactual 

outcomes of both groups are independent of treatment given X, then they are 

also independent of treatment given the propensity score:  

 

   Y1 , Y0 ⊥ D|X    ⇒	  	  	  	  Y1 , Y0 ⊥ D| p(X)                                    (1.8) 

 

This is the equivalent of the CIA modified for the propensity score. 

A randomized treatment assignment is still preferable to propensity score 

matching, since treated and untreated observations are matched on both 

observables and unobservables. However, by comparing their results against an 

experimental benchmark, Dehejia and Wahba (2002) demonstrate that matching 

based on propensity scores can accurately estimate treatment effects.34  

For the current analysis, treatment is initially defined as a diabetes 

diagnosis, and all non-diabetics comprise the control group. Propensity scores 

are estimated for the MEPS sample via a logit function using Becker and Ichino’s 

(2002) PSCORE program for Stata. The common support option is specified, 

satisfying the overlap assumption. There is little consensus regarding which 

matching algorithm is best, and it is ultimately dependent upon the quality of 

data employed, the plausibility of CIA given the propensity score specification, 

and the resultant balance and match quality. Eight different matching techniques 

are explored in this study:35 Appendix A describes the matching algorithms 

                                                
34 Given certain conditions and if the CIA and overlap assumptions are satisfied. 
35 Results from 3 techniques are reported. See Appendix A for discussion of excluded results. 
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employed, the benefits and drawbacks of each method and the variance 

estimation. 

  

1.5 Results 

1.5.1 Propensity Score Matching 

Results from the logit estimation in the calculation of the propensity score are 

shown in Table 1.6. As discussed in the previous section, all observables affecting 

both diabetes diagnosis (treatment) and medical expenditures (outcome) must be 

included in specification of the propensity score. Covariates include personal 

demographics (age, sex, race, marital status, employment status and educational 

attainment); household demographics (living in an urban area, household size 

and income); health status; insurance and usual provider indicators; behavioral 

indicators (advised to eat healthier, regular physical activity); diabetes 

comorbidities (obesity, hypertension and heart disease); and indicators for time.  

There are three main observations about these results. First, the pseudo R-

squared of 0.2669 indicates that this specification decently predicts diabetes 

diagnosis. Second, nearly all covariates have the expected effect on diabetes 

diagnosis. The probability of diabetes diagnosis increases with age, minority, the 

availability of a usual care provider, insurance coverage and diabetes 

comorbidity. Diabetes decreases with physical activity, good health, education, 

income and employment status. Third, nearly all estimates are significant at the 1 

percent level. Overall, this is sound evidence of a decent specification of the 

propensity score. 
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Table 1.6. Logistic Results from Propensity Score Estimation 

Treatment: Diabetes diagnosis 

 
Logistic Coefficient Marginal Effect 

Age 0.1364*** 0.0091**** 

 (0.0058) (0.0004) 
Age² -9.439E-4 -0.6270E-4*** 

 (0.5020E-4) (0.0335E-4) 
Female -0.1639*** -0.0109*** 

 (0.0256) (0.0017) 
Hispanic 0.5506*** 0.0366*** 

 (0.0362) (0.0024) 
Black 0.3855*** 0.0256*** 

 (0.0338) (0.0022) 
Asian 0.4830*** 0.0321*** 

 (0.0644) (0.0043) 
Other race 0.8708*** 0.0579*** 

 (0.1113) (0.0074) 
MSA -0.0630** -0.0042** 

 (0.0316) (0.0021) 
Married 0.0629** 0.0043** 

 (0.0291) (0.0019) 
Household size 0.0184** 0.0012* 

 (0.0101) (0.0007) 
Employed -0.1643*** -0.0109*** 

 (0.0327) (0.0022) 
Household income -0.0181E-4*** -0.0012E-4*** 

 (0.0033E-4) (0.0002E-4) 
High school diploma -0.0352 -0.0023 

 (0.0318) (0.0021) 
College degree -0.1728*** -0.0115*** 

 (0.0403) (0.0027) 
Usual provider 0.6437*** 0.0428*** 

 (0.0459) (0.0031) 
Average health -0.3336*** -0.0222*** 

 (0.0358) (0.00237) 
Great health -1.0149*** -0.0675*** 

 (0.0369) (0.0024) 
Active -0.1693*** -0.0113*** 

 (0.0256) (0.0017) 
Eat healthier 0.8420*** 0.0560*** 

 (0.0268) (0.0018) 
 

(continued on next page) 
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Table 1.6. (continued) Logistic Results from Propensity Score Estimation 

Treatment: Diabetes diagnosis 

 
Logistic Coefficient Marginal Effect 

Private insurance 0.1217*** 0.0081*** 

 (0.0450) (0.0030) 
Public insurance 0.2336*** 0.0155*** 

 (0.0474) (0.0031) 
Obese 0.7094*** 0.0471*** 

 (0.0260) (0.0017) 
Hypertension 0.7527*** 0.0500*** 

 (0.0289) (0.0019) 
Heart problem 0.1958*** 0.0130*** 

 (0.0298) (0.0020) 
y2005 0.0461 0.0031 

 (0.0395) (0.0026) 
y2006 0.0994** 0.0066** 

 (0.0388) (0.0026) 
y2007 0.1456*** 0.0097*** 

 (0.0395) (0.0026) 
y2008 0.2250*** 0.0150*** 

 (0.0388) (0.0026) 
Constant -7.661*** 

 
 (0.1782) 

 Pseudo R-squared 0.2669   
N 101,190   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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However, there are two key groups of covariates missing from this 

specification that would significantly affect both diagnosis and expenditure: 

family history of disease and clinical data. Although the true cause is unknown, 

genetics play an important role in the development of diabetes. Further, studies 

demonstrate 36  that clinical outcomes (such as blood sugar levels) drive 

expenditures of diabetics. Both family history of diabetes (and its comorbidities) 

and clinical outcomes are observed factors, however, these data are not readily 

available in the MEPS.37 As such, excluding them from the specification of the 

propensity may impose some bias on the estimates. However, the bias would be 

much more severe if either factor was unobservable to the researcher.38  

 Figure 1.2 displays the distribution of estimated propensity scores for 

diabetics and non-diabetics. Although the cumulative frequency of non-diabetics 

is higher at the lower end of the propensity score range, while that of diabetics is 

more even distributed over the range, the range of common support is 

sufficiently wide. Dehejia and Wahba (2002) note that when there is “substantial” 

overlap between the comparison groups over the distribution of the propensity 

score, then most matching algorithms will generate similar estimates. It is 

unlikely that the overlap distribution here constitutes “substantial.” As such, 

various matching algorithms are chosen so that estimates can be compared. 

 

                                                
36 E.g., Gilmer et al. (2005) and Nichols and Brown (2005). 
37 The MEPS contains a variable indicating the person IDs of the individual’s mother and father, 
from which diabetes diagnosis could be determined; however, there are relatively few 
observations for whom these data are valid. 
38 The only unobservable factors that might influence diagnosis and expenditures are detailed 
behavior indicators. However, behaviors, while sometimes difficult to measure, are often 
observed. Moreover, important behavioral factors that affect diagnosis and expenditure – 
unbalanced nutrition and sufficient exercise – are proxied for in the current specification. 
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Figure 1.2. Distribution of Propensity Scores, Diabetics vs. Non-Diabetics 

 

 

1.5.2 Balance Test and Match Quality 

Before proceeding, it is first necessary to check whether the matched sample is 

balanced, thereby providing for identification of (1.6). Table 1.A.1 in Appendix A 

Match quality based on the estimated propensity score must also be evaluated. 

There are numerous methods invoked in the literature to evaluate balance,39 

many of which are criticized on some level. Two methods are employed herein to 

validate the estimates. The first is a t-test on covariate mean differences across 

treatment groups before and after matching. This method is cited and applied in 

                                                
39 The reader is referred to Dehejia and Wahba (2002), Ho, Imai, King and Stuart (2007), Imai, 
King and Stuart (2008) and Austin (2007) for a list of methodologies. 
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many studies as an acceptable and measurable test of match quality. Whereas 

treated individuals are likely systematically different from control individuals 

prior to matching, they are ideally identical – at least in the covariates – after 

matching. However, as has been demonstrated in other analyses, 40  an 

improvement in balance, as demonstrated by a decrease in statistical significance 

of covariate mean differences across treated and untreated observations post-

matching, is sufficient to support ATT estimates using that sample.  

The second method to check match quality is to measure the change in 

covariate standardized bias after matching. The standardized balance, as defined 

by Rosenbaum and Rubin (1985), is the covariate difference in sample means 

between treated and control groups as a percentage of the square root of the 

average aggregate sample variance. It is given by: 

 

     .             (1.9) 

 

The main drawback to this method is that there is no established benchmark 

value accepted to represent a “good” match. However, Caliendo and Kopeinig 

(2008) observe that a standardized bias below 3 to 5 percent after matching is 

demonstrated by many empirical studies as sufficient support for the matching 

results.  

                                                
40 Tao et al. (2010), Qian (2007) and Persson and Tabellini (2007). 

SB = 100 X1 − X0

1
2

var1 X( )+ var0 X( )"# $%
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 Balance assessment of 2-nearest neighbor matching with replacement, 

radius matching with caliper = 0.01 and Epanechnikov kernel matching41 are 

presented in Tables 1.B.2, 1.B.3 and 1.B.4 in Appendix B, respectively. Kernel 

matching provides the worst-balanced match, as 8 covariates are still 

significantly different across treatment groups after matching, some at the 1 

percent level. This is because the kernel algorithm matches each diabetic to all  

non-diabetics in the sample, weighing those that are closest in propensity score 

the heaviest. Nearest neighbor matching does an excellent job of nearly balancing 

the samples, however, the variable indicating usual provider is still statistically 

different across treatment groups after matching, and the variable indicating 

Hispanic ethnicity actually becomes more different across treatment groups post-

matching, although statistically insignificant. Radius matching achieves the best 

balance.42 All covariate mean differences that were statistically different across 

treatment groups prior to matching demonstrate no statistical difference after 

matching. Thus, radius matching with caliper = 0.01 is the preferred matching 

method.  

As a secondary evaluation, the standardized bias of covariates before and 

after matching are also presented in these tables. All methods demonstrate vast 

improvement of balance based on reduction in standardized bias.43 The reduction 

for most variables via all 3 techniques is greater than 60 percent (meaning that 

covariate means across samples became increasingly identical, although not 

                                                
41 These are the preferred matching algorithms of the 8 that are employed. See Appendix A for 
discussion. 
42 Though short of perfect, it is very close. 
43 This is the reason standardized bias comparison is the secondary check, since findings from this 
analysis for kernel matching paint a very different picture from the t-test on covariate mean 
difference. 
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perfectly identical). Based on the 3 to 5 percent post-matching acceptance level 

demonstrated in other studies, the radius match is confirmed to be sufficiently 

well-balanced. This test of balance, however, is secondary to t-tests on covariate 

mean differences.  

 

1.5.3 ATT When Treatment is Diabetes Diagnosis 

The estimated ATT for total expenditures and 4 subcategories of expenditure by 

service are presented in Table 1.7. Treatment is diabetes diagnosis and the 

control group consists of all non-diabetics44 in the 2004-2008 pooled MEPS 

sample. Diabetics are estimated to incur total annual medical expenditures 

between $2,600 and $2,900 higher than non-diabetics, controlling for 

demographics, health status and comorbidities. Compared to the average annual 

expenditure of non-diabetics in the sample (about $3,500), the preferred radius 

ATT estimate indicates that a diabetes diagnosis nearly doubles annual medical 

expenditures. Estimates of the other expenditure outcomes indicate that 

prescription drug use by diabetics is responsible for the largest portion of the 

total differential, followed by hospital services – a reversal of the finding by 

Brown et al. (1999). Diabetics incur drug expenditures about $1,200 higher per 

year than non-diabetics, and hospital expenditures about $900 higher per year. 

Both of these estimates are significant at the 1 percent level. The estimated 

differential in expenditures for office-based provider services, although 

somewhat smaller at only about $450 per year, is highly statistically significant. 

There does not appear to be an effect of diabetes diagnosis on emergency room 

                                                
44 For whom there is full covariate information. 
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Table 1.7. ATT of Diabetes Diagnosis on Annual Medical Expenditures 

Treatment: Diabetes Diagnosis 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 2,628.94*** 2,860.17*** 2,839.83*** 

 (228.97) 189.91 (189.98) 
Prescription Drug 1,156.59*** 1,218.3*** 1,213.13*** 

 (48.73) 42.24 (42.25) 
Hospital 824.31*** 926.83*** 918.28*** 

 (175.85) 147.42 (147.47) 
Emergency Room -22.2* 5.48 4.96 

 (14.58) 10.24 (10.25) 
Office-Based Provider 446.7*** 464.29*** 460.27*** 

 (65.88) 54.34 (54.37) 
Treated N 9,406 9,406 9,406 
Control N 91,784 91,784 91,784 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 

 

expenditures. This is not surprising given the data in our sample, as 

unconditional mean ER expenditure for both treatment groups is relatively quite 

low. Although there is anecdotal evidence that uninsured non-elderly 

individuals who suffer from chronic illness often use the ER for what would 

otherwise be routine office-based care, this effect is not seen here because 

insurance coverage is controlled for. The estimates for ER expenditure suggest 

that, as logic would imply, there is good model to predict emergency room 

usage, even among the chronically ill. 

 

1.5.4 ATT When Treatment is Diabetes Diagnosis Group 

In propensity score matching, covariates included in the specification of the 

propensity score should not be affected in any way by the treatment. In the case 
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of diabetes, this assumption is violated, as obesity, hypertension and heart 

disease, all diseases are comorbidities and risk factors for the others. In other 

words, having any one condition necessarily increases an individual’s risk of 

acquiring the other three. As such, estimates produced controlling for these other 

conditions likely suffer from endogeneity bias. An attempt is made to reduce this 

bias by classifying diabetics into 8 mutually exclusive groups based on 

comorbidity combination. 45  Table 1.8 lists these treatment groups that are 

separately matched to all non-diabetics using the same specification of the 

propensity score found in Table 1.6. 

 

Table 1.8. Diabetes Diagnosis Groups Used As Treatment 

Group Diagnosis Sample Size 
DDx1 Diabetes only, no other co-morbidities 1,235 
DDx2 Diabetes and obese only 941 
DDx3 Diabetes and hypertension only 1,703 
DDx4 Diabetes and heart disease only 252 
DDx5 Diabetes, obese and hypertension only 2,372 
DDx6 Diabetes, obese and heart disease only 214 
DDx7 Diabetes, hypertension and heart disease only 1,212 
DDx8 Diabetes, obese, hypertension and heart disease 1,477 

 

 
 The largest diagnosis group consists of diabetics who are obese and have 

high blood pressure. The smallest groups – DDx4 and DDx6 – suggest that it is 

relatively rare for a diabetic with heart disease to lack a hypertension diagnosis. 

While this study does not investigate relative risk of comorbidity, the diabetic 

                                                
45 It should be noted that DDx1 is distinctly different from the treatment group in the previous 
section. DDx1 does not include any diabetics who have any combination of the comorbidities. 
The treatment group in the previous section included all diabetics in the sample, regardless of 
comorbidity diagnosis. 



 39 

sample employed suggests that heart disease is more closely linked to 

hypertension than obesity. 

 Figures 1.3 through 1.7 illustrate average expenditure by diabetes 

diagnosis group. Based only on these unadjusted tabulations, it appears that 

once a diabetic is also diagnosed with heart disease, annual total medical 

expenditures surge. Expenditures by a diabetic with heart disease (DDx4, DDx6 – 

DDx8) nearly triple those of diabetic without any comorbidities (DDx1), and 

nearly five times those of non-diabetics. Interestingly, Figure 1.4 does not display 

the same effect of heart disease on prescription drug expenditures. It appears 

that drug expenditures increase gradually in the number of comorbidities. 

Hospital expenditures, illustrated in Figure 1.5, however, demonstrate the 

amplified effect of heart disease on diabetics’ expenditures, due to the fact that 

many heart diseases cause expensive inpatient hospitalizations. ER expenditures 

for all individuals in the sample are extremely low, and office-based provider 

expenditures seem to increase gradually in the number of comorbidities (likely 

as diabetics need to see additional specialists regularly). Analysis of these 

unadjusted tabulations demonstrate lends support to the hypothesis that 

expenditures among diabetics are systematically different based on comorbidity 

combination and give way to the next part of this analysis. 
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Figure 1.3. Total Annual Medical Expenditure, by Diabetes Diagnosis Group 
 
 

 
 

Figure 1.4. Annual Prescription Drug Expenditure, by Diabetes Diagnosis 
Group 

 

 
 
 

$3,513.24&
$5,554.91& $6,063.89&

$8,001.34&

$15,917.83&

$8,403.12&

$14,466.98&

$15,605.31&
$15,413.40&

$0&

$2,000&

$4,000&

$6,000&

$8,000&

$10,000&

$12,000&

$14,000&

$16,000&

$18,000&

$735.23&

$1,850.32&
$1,914.14&

$2,582.70&

$3,052.25& $2,964.73&
$3,413.75&

$3,778.49&

$4,490.94&

$0&

$500&

$1,000&

$1,500&

$2,000&

$2,500&

$3,000&

$3,500&

$4,000&

$4,500&

$5,000&



 41 

Figure 1.5. Annual Hospital Expenditure, by Diabetes Diagnosis Group 
 

 
 

Figure 1.6. Annual Emergency Room Expenditure, by Diabetes Diagnosis 
Group 

 

 
 

$1,308.89&$1,692.84&
$2,127.12&

$2,764.89&

$8,651.02&

$2,559.31&

$7,112.86&
$7,366.42&

$6,210.32&

$0&

$1,000&

$2,000&

$3,000&

$4,000&

$5,000&

$6,000&

$7,000&

$8,000&

$9,000&

$10,000&

$131.01& $124.21& $133.52&
$159.70&

$218.22&

$162.51&

$398.24&

$348.27& $347.02&

$0&

$50&

$100&

$150&

$200&

$250&

$300&

$350&

$400&

$450&



 42 

Figure 1.7. Annual Office-Based Provider Expenditure, by Diabetes Diagnosis 
Group 

 

 
 
 
 
 The ATT estimates for all diabetes diagnosis treatment groups from radius 

matching are presented in Table 1.9.46 For each treatment group, the control 

group consists of all non-diabetics. The estimated $2,900 expenditure differential 

reported in the previous section for all diagnosed diabetics relative to non-

diabetics masks several important trends illustrated here. 

 First, the presence of heart disease has a very large and statistically 

significant impact on the expenditure of diabetics. A diabetic diagnosed with 

heart disease is estimated to incur medical expenditures $8,500 higher than a  

 

 

                                                
46 For details and discussion of propensity score specification, balance and match quality and 
ATT estimates from other matching methodologies, see Appendices C, D and E, respectively. 
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Table 1.9. ATT of Diabetes Diagnosis Group on Annual Medical Expenditures, Radius Matching with Caliper = 0.01 
 
Outcome: 
Expenditure Type 

Diabetes Diagnosis Treatment Group 
DDx1 DDx2 DDx3 DDx4 DDx5 DDx6 DDx7 DDx8 

Total 787.68*** 1,122.78*** 1,706.29*** 8,500.66*** 1,367.73*** 7,908.51*** 6,495.05*** 6,068.34*** 

 (326.90) (372.87) (439.88) (1,653.93) (278.83) (1,378.09) (676.40) (501.02) 
Prescription Drug 675.67*** 891.67*** 1,058.14*** 1,427.03*** 1,261.64*** 2,052.31*** 1,688.75*** 2,139.12*** 

 (94.80) (146.37) (74.78) (264.59) (68.53) (269.50) (121.81) (120.08) 
Hospital -23.90 90.33 244.87 5,253.91*** -373.67** 3,914.92*** 3,460.33*** 2,191.26*** 

 (261.10) (259.95) (359.02) (1,384.82) (186.38) (1,169.48) (572.65) (387.45) 
Emergency Room -35.38*** -42.71*** -1.08 -8.49 -24.51* 183.81** 149.10*** 100.80*** 

 (14.67) (18.16) (20.41) (52.36) (16.97) (79.45) (33.97) (26.95) 
Office-Based 
Provider 11.05 219.25* 415.18*** 980.77*** 436.97*** 769.64*** 859.53*** 775.60*** 

 (63.41) (158.28) (126.21) (288.00) (117.74) (176.89) (138.61) (139.81) 
Treated N 1,235 941 1,703 252 2,372 214 1,211 1,477 
Control N 93,951 93,951 93,951 93951 93,951 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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non-diabetic47 annually, whereas a diabetic without any comorbidities is only 

estimated to incur expenditures $790 higher than a non-diabetic. A hypertension 

diagnosis also causes a large and statistically significant increase in expenditures 

incurred by diabetics, but not nearly as large as heart disease. A hypertensive 

diabetic incurs expenditures that exceed those of non-diabetics by $1,700 per 

year. Obesity, on the other hand, is not shown here to cause a statistically 

significant direct impact on overall costs. This result, however, is very misleading 

for several possible reasons. An individual who becomes obese does not 

immediately incur increased medical expenditures. It’s only after a time of being 

obese that the accumulated biological effect of being obese sets in, and the other 

expenditure-increasing complications (hypertension and heart disease) develop. 

As such, it could be the case that individuals in DDx2, whose only complication 

is obesity, are simply on the natural progression path of diabetes and are slowly 

approaching a hypertension or heart disease diagnosis in the future if their 

condition is not well-managed. Alternatively, the apparent lack of effect of 

obesity on expenditures of diabetics could be due to measurement error. Because 

an individual’s self-reported height and weight – the variables used to determine 

body mass index, which determines obesity – are often inaccurately reported 

(e.g., women may under-report weight while men may over-report height), the 

estimates for the obesity diagnosis groups could be biased. 

 Second, while all diagnosis groups incur higher drug expenditures 

relative to diabetics, there is no major spike in prescription drug expenditures 
                                                
47 The same 93,951 non-diabetic observations are used as the control group against which all 
diabetes diagnosis treatment groups are compared. While the treatment groups classify diabetics 
based on comorbidity combination, the construction of the control group does not account for 
presence of comorbidities (obesity, hypertension and heart disease). 
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caused by subsequent comorbidity diagnoses. Diabetics without any 

comorbidities incur drug expenditures $675 higher than non-diabetics. Many of 

these patients are likely on a type of oral medication to manage their blood 

glucose levels, while the condition of other diabetics is beyond management by 

oral medication, thereby requiring an insulin regimen. If the diabetic is 

diagnosed with hypertension only, this estimate rises to $1,060 (relative to non-

diabetics). This reflects the fact that many individuals, after becoming 

hypertensive, are placed on a treatment plan that includes oral medication. If the 

diabetic is instead diagnosed with heart disease, the prescription drug 

expenditure differential rises to $1,400. The diabetic with all 3 comorbidities is 

estimated to incur drug expenditures $2,140 higher than a non-diabetic.  

Third, the effect of diabetes on hospital expenditure is relatively small and 

statistically insignificant until a diabetic develops heart disease. With diagnosis 

of heart disease, the diabetic incurs hospital expenditures in excess of $5,000 

higher than a non-diabetic, and this estimate is statistically significant at the 1 

percent level. This is likely because once heart disease develops, the diabetic has 

more frequent and costly hospitalizations for more severe issues. This finding is 

particularly important when one considers the 80 million undiagnosed diabetics; 

the longer the duration a diabetic individual remains undiagnosed, the longer 

the disease goes unmanaged and the sooner comorbidities develop. The worst-

case scenario is for an undiagnosed diabetic with concurrently advancing 

undiagnosed heart disease to have a stroke or a heart attack and end up in the 

emergency room, followed by a hospital admission. 
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 Fourth, office-based provider expenditures jump substantially once a 

diabetic is diagnosed with heart disease, as the diabetic likely adds a cardiologist 

to her list of “regular” doctors to see. An interesting finding is that diabetics 

without any of these cormobidities are only estimated to incur $11 more in office-

based expenditures per year over non-diabetics, and this result is not statistically 

significant at an acceptable level. This could reflect the fact that many insurance 

plans have built-in provisions for routine management of diabetics. Once 

hypertension sets in, however, this expenditure increases to $415 above those of 

non-diabetics per year, indicating that high blood pressure requires either 

increased contact or additional services for management. 

 Finally, there is no reportable effect of any diagnosis on emergency room 

spending. All estimates of the expenditure differential for this service type are 

very small in magnitude and are statistically significant. It could be argued that it 

would be illogical to find a model that accurately predicts emergency room 

utilization. Relatively few individuals in the population utilize ER services in 

general, and there are too many unobserved and unexpected factors that could 

not be modeled. 

 

1.6 Policy Implications and Limitations 

1.6.1 Policy Implications 

It is a well-known fact that diabetes prevalence is increasing at an alarming rate. 

Further, there have been sweeping movements nationwide by service providers, 

insurance companies, community and public health organizations, as well as 

significant effort by the federal government to implement and advertise diabetes 
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education, prevention, management programs.  However, the epidemic remains 

and is expected to get worse before it gets better. Boyle, Thompson, Gregg, 

Barker and Williamson (2010) estimate that the prevalence of diagnosed diabetes 

will rise to between 25 and 28 percent by 2050.48 

While it is important to take note of these staggering projections, the 

expenditure patterns of diabetics are just as important as the prevalence patterns 

of the disease. Not only are the findings presented here more reliable than those 

of previous studies based on estimation methodology, but they are also more 

revealing of the true economic burden on the healthcare system caused by 

diabetics. The studies that employ administrative cost data for private HMOs are 

not in any way indicative of the financial strain of diabetes that is imposed upon 

all payers in the system. Findings based on those private data may indeed 

accurately estimate the production cost of providing services for diabetics, 

which, in an ideal setting, would be the dollar figure that matters. However, 

given the framework of the healthcare system in the U.S., and the nature of the 

complex healthcare financing schemes, including the various reimbursement, 

contracting and charging-setting methodologies, estimates from a production 

cost perspective severely underestimate the dollars expended for services 

delivered. 

 The results herein can be used in many capacities and by a wide-ranging 

audience. They could be combined with prevalence projections, relative risk rates 

for diabetes and diabetes comorbidities and clinical outcomes to produce a host 

                                                
48 This is their “middle ground” estimate. The full range of projected prevalence – depending on 
assumptions of annual incidence, population growth and diabetes mortality – is between 21 and 
33 percent. 
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of new estimates related to financial burden of diabetes or potential expenditure 

savings from management and prevention programs. They could further be 

factored into analyses of quality of care and reduction in waste (e.g. potentially 

avoidable hospitalizations and hospital-acquired infections) in relation to 

diabetics. The expenditure pattern of diabetes is particularly important as the 

federal government expands the scope and depth of services and insurance 

coverage that are required to be offered to diagnosed diabetics. The Patient 

Protection and Affordable Care Act (H.R. 3590, 2010) contains 7 sections that 

directly provide for or require diabetes-related spending by all payers. 

Expenditures are slated for: numerous additional diabetes49 management and 

prevention programs, including those targeting soon-to-be Medicare beneficiaries 

(adults ages 55 to 64); improved quality of care for diabetics; home-based 

healthcare provision for diabetics; and long-term health home provision for 

diabetics, among other initiatives. The latter two provisions will be particularly 

costly to all payers, as diabetics who would benefit from them are among the 

sickest and most costly users of the healthcare system. 

These findings further demonstrate the need for diabetics to immediately 

start seeing a cardiologist upon initial diabetes diagnosis. It is typically the case 

that individuals will only visit a cardiologist after an event, such as a heart attack 

or stroke. However, because heart disease is the leading cause of mortality in the 

U.S., and because it is demonstrated as the co-morbidity with the largest impact 

on expenditures – and thus, overall health and well-being – of diabetics, it is 

                                                
49 Among other chronic diseases, including diabetes comorbidities (obesity hypertension, heart 
disease). 
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important for all diagnosed diabetics to regularly see a specialist to monitor their 

heart health.  

Most immediately, however, these results and the model employed are 

used to expand the current research and form the foundation of the next chapter.  

 

1.6.2 Limitations 

 There are several limitations to these findings. First, the specification of 

the propensity score is not perfectly balanced. While the specification presented 

maximizes the balance of the matched sample, the model falls short of perfect 

identification. However, significant differences in covariates across treatment 

and control groups are nearly all eliminated. Thus, while estimates do not have 

the full reliability and validation of a fully identified model, they are still 

supported and justified for use. Second, although propensity score matching 

may reduce selection bias of having diabetes and receiving a diagnosis, it cannot 

reduce any bias from unobserved heterogeneity across treatment groups. 

Further, there are observed characteristics50 affecting both treatment (diagnosis of 

diabetes and/or comorbidities) and expenditure outcomes that are excluded 

from the propensity score specification due to data limitations, thereby creating 

some bias. 

 Third, the results suffer from attenuation bias. The expenditure 

differentials are estimated based only on the diabetics who survive a given year 

(and who are not moved into long-term care institutions). Any diabetics who are 

                                                
50 Family history of diabetes and blood glucose levels (measured by hemoglobin a1c or fasting 
plasma glucose tests and shown to demonstrate positive correlation with expenditures incurred 
by diabetics). 
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part of the MEPS sample at the beginning of the year, but who die (or are moved 

into a facility) within that year, are dropped from the year’s MEPS sample. If it is 

the case that these diabetics who die while in the sample are the most expensive, 

in that they have frequent hospitalizations for heart attack, stroke, kidney failure, 

etc., then the estimated expenditure differentials are biased downward, and the 

results herein are represent expenditures by the surviving diabetic population. 

 Fourth, the MEPS (and NHIS) sampling framework does include 

institutionalized populations. Thus, residents of acute care and nursing facilities 

– nearly 25 percent of whom are estimated by Zhang, Decker, Luo, Geiss, 

Pearson, Saaddine, Gregg and Albright (2010) to have diabetes – are not part of 

this analysis. Exclusion of their increased utilization of services, multiple 

comorbidity diagnoses and higher medical expenditures very likely bias the 

estimated differentials downward. 

Finally, while this study explores the impact of given diabetes 

comorbidity combinations on medical expenditures, it does not describe how 

expenditures would be affected based on the order of comorbidity diagnosis. For 

example, it is estimated that diabetics who also have hypertension incur 

expenditures about $1,700 higher than non-diabetics. This result is based on 

current medical expenditures given the dual diagnosis status of the average 

individual in this group. However, consider two individuals: one who was 

hypertensive for 8 years prior to being diagnosed with diabetes, and another 

who was simultaneously diagnosed with hypertension and diabetes (maybe after 

having borderline cases of both). It is very likely that their expenditures over 

time followed distinctly different time paths, since the accumulated effect of their 
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combinations progressed differently. Investigation of this effect, while possible, 

lies outside the scope of this study. 

 

1.7 Conclusion 

The goals of this study are to estimate the impact of diabetes diagnosis on 

medical expenditures and to determine which types of services are the main 

drivers of this effect. Using a pooled cross-section of the 2004 to 2008 Medical 

Expenditure Panel Survey, eight methods of propensity score matching are 

employed. As the first study to address the selection bias caused by the non-

random decision to seek medical care and the non-random chance of developing 

diabetes, and the first study to measure the effect of various diabetes 

comorbidity combinations on expenditures while addressing the endogeneity 

bias caused therein, this research makes an important contribution to the 

literature. 

 It is estimated that diabetics incur annual medical expenditures that 

exceed those of non-diabetics by $2,900. This statistically significant finding is 

nearly double the annual expenditure by the average non-diabetic. Increased 

expenditure on prescription drugs and hospital services are found to be the main 

drivers of the increase in total expenditure resulting from diabetes diagnosis. 

When diabetics are split into mutually exclusive diabetes diagnosis groups, heart 

disease is found to be comorbidity with the biggest impact on expenditures of 

diabetics. A diabetic with heart disease incurs annual expenditures nearly double 

those of a diabetic without any comorbidities, and nearly triple those of a non-

diabetic. While there is no spike in prescription drug expenditure resulting from 
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any one comorbidity, there is an exponential and statistically significant rise in 

hospital expenditures once a diabetic is diagnosed with heart disease. 
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Appendix 1.A 
 

Propensity Score Matching Methods 

Table 1.A.1 describes the 8 matching algorithms employed in this study. k-

Nearest neighbor matching selects for every treated observation the k control 

observations with the closest propensity score. Allowing for replacement makes 

it possible for a selected control observation to be used in more than one match. 

However, Smith and Todd (2005) show that the reduced bias comes at the cost of 

increased variance, as fewer control observations are utilized in the matched 

sample. In the 2-nearest neighbor case, there is a reduction in variance, as more 

control units are matched to every treated observation, however, these controls 

could be poor matches, thereby possibly increasing bias. If propensity scores 

between treated and control groups are very different, however, nearest 

neighbor matching may be quite biased in general, as treated observations would 

be matched with its nearest dissimilar neighbor. 

 In radius matching, suggested by Dehejia and Wahba (2002), all controls 

within a specified caliper (distance from the treated observation, in terms of 

propensity score) are used as matches to a single treated observation. Caliendo 

and Kopeinig (2008) thus highlight the benefit of oversampling with radius 

matching, without the possibility of bad matches. Although there is no way to 

determine optimal caliper a priori, calipers of 0.05 and 0.01 were initially selected, 

as they are standard distances used in matching studies, and 0.03 was added for 

assessment. Radius matching overcomes the problem encountered with nearest 

neighbor matching and uneven distribution of propensity scores, because it uses 
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as many or as few control units as are available within the specified caliper, and 

drops treated observations if there are no control units within the caliper. 

 Kernel matching is a non-parametric methodology that uses all control 

observations as matches for each treated observation. Control observations that 

are closer to the treated observation in terms of propensity score are weighted 

more heavily than control observations that are further away. In this sense, 

kernel matching is attractive because use of information provided by all control 

units to construct the counterfactual outcomes for the treated group greatly 

reduces variance. However, this lends to use of very poor matches (although not 

weighed very heavily). DiNardo and Tobias (2001) demonstrate that choice of 

kernel function (Epanechnikov, Gaussian, uniform, tricube) does not affect 

results in any significant way, so the default Epanechnikov kernel is selected.51 

 All matching is performed using the PSMATCH2 algorithm52 developed 

by Leuven and Sianesi (2003) in Stata. Because the propensity score is itself 

estimated, the estimated variance of the treatment effect should reflect the 

additional variance from estimation of the propensity score. There is an on-going 

debate over efficiency bounds with respect to ATT variance using an estimated 

propensity score,53 however most of the problems encountered arise with small 

sample sizes. With a sample size greater than 100,000, it is argued that the 

current study does not suffer from this problem. The variance function estimated 

by PSMATCH2 nonetheless is a variance approximation specifically designed to 

                                                
51 Bandwidth is 0.6, the default in Stata. 
52 Following estimation of the propensity score using the PSCORE algorithm developed by Becker 
and Ichino (2002). 
53 The reader is referred to Hahn (1998), Heckman et al. (1998), Hirano, Imbens and Ridder (2003), 
Angrist and Hirano (2004) and Abadie and Imbens (2006) for discussion and proofs. 
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accommodate for the propensity score estimation. Proposed by Lechner (2001), it 

is given by:  

 

  ,   

 (1.A.1) 

 

where N1 is the number of matched treated observations, and wj is the number of 

times observation j from the control group has been used. Although Lechner 

(2002) finds little difference in between bootstrapped variances and those 

estimated using (1.A.1) in simulations, bootstrapped variances (and standard 

errors) for the radius matching ATT estimates are nonetheless performed with 50 

replications. 

 
 

Table 1.A.1. Propensity Score Matching Methods Employed 
 

Matching Method   Parameters 

1-Nearest neighbor  a) With replacement 

 b) Without replacement 

   
2-Nearest neighbor  a) With replacement 

 b) Without replacement 

   
Radius 

 a) caliper = 0.05 

 b) caliper = 0.03 

 b) caliper = 0.01 

   Kernel   a)  Epanechnikov 
 

 
 

 

Var τ ATT( ) = 1
N1
Var Y1 |D =1( )+

wj( )
2

j∈{D=0}
∑

N1( )2
Var Y0 |D = 0( )
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Appendix 1.B 
 

Balancing and Match Quality, When Treatment Is Diabetes Diagnosis 
 

For full identification, the observations that comprise common support over the 

range of propensity scores must be balanced between treatment and control 

groups within each block.  

The block assignment in Table 1.B.1 ensures that the mean propensity 

scores between treated and control observations are balanced within each block. 

This test is performed using the PSCORE algorithm developed by Becker and 

Ichino (2002). 

Match quality is assessed in Tables 1.B.2, 1.B.3 and 1.B.4 for nearest 

neighbor, radius and kernel methods, respectively. This test is performed using 

the PSMATCH2 algorithm developed by Leuven and Sianesi (2003). 
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Table 1.B.1. Observations Within Common Support by Propensity Score Block 

Treatment: Diabetes Diagnosis 
Block Control Treated Total 

0.00000 16,235 46 16,281 
0.00625 12,465 79 12,544 
0.01250 8,560 92 8,652 
0.01875 3,491 39 3,530 
0.02188 2,954 63 3,017 
0.02500 8,420 248 8,668 
0.03750 5,773 237 6,010 
0.05000 4,145 263 4,408 
0.06250 3,409 277 3,686 
0.07500 2,854 268 3,122 
0.08750 2,340 312 2,652 
0.10000 3,490 521 4,011 
0.12500 2,830 503 3,333 
0.15000 4,210 975 5,185 
0.20000 1,512 425 1,937 
0.22500 1,164 403 1,567 
0.25000 574 178 752 
0.26250 545 197 742 
0.27500 909 365 1,274 
0.30000 1,581 733 2,314 
0.35000 1,073 632 1,705 
0.40000 1,441 1,124 2,565 
0.50000 454 416 870 
0.55000 327 361 688 
0.60000 395 643 1,038 
0.80000 2 6 8 
Total 91,153 9,406 100,559 
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Table 1.B.2. Mean Covariate Difference Across Treatment Groups, 
2-Nearest Neighbor with Replacement 

 
Treatment: Diabetes Diagnosis 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 59.83 44.16 84.95*** 0.000 99.20  

 
Matched 59.83 60.08 -1.22 0.222 -1.60 98.40 

        
Female Unmatched 0.556 0.538 3.32*** 0.001 3.60 

 
 

Matched 0.556 0.555 0.14 0.889 0.20 94.40 

        Hispanic Unmatched 0.228 0.222 1.39 0.163 1.50  

 
Matched 0.228 0.221 1.22 0.221 1.80 -18.50 

        
Black Unmatched 0.217 0.158 14.75*** 0.000 15.20 

 
 

Matched 0.217 0.219 -0.20 0.839 -0.30 97.90 

        Asian Unmatched 0.038 0.050 -4.91*** 0.000 -5.60  

 
Matched 0.038 0.038 0.19 0.849 0.30 95.30 

        
Other race Unmatched 0.015 0.008 6.12*** 0.000 5.90 

 
 

Matched 0.015 0.015 -0.33 0.740 -0.50 90.60 

        MSA Unmatched 0.796 0.831 -8.60*** 0.000 -9.00  

 
Matched 0.796 0.789 1.18 0.239 1.80 80.20 

        
Married Unmatched 0.629 0.589 7.39*** 0.000 8.10 

 
 

Matched 0.629 0.635 -0.85 0.393 -1.20 84.70 

        Household size Unmatched 2.490 2.966 -27.88*** 0.000 -31.30  

 
Matched 2.490 2.482 0.41 0.684 0.60 98.20 

        
Employed Unmatched 0.425 0.722 -60.58*** 0.000 -62.90 

 
 

Matched 0.425 0.424 0.15 0.877 0.20 99.60 

        Household income Unmatched 47,001 63,492 -29.82*** 0.000 -34.80  

 
Matched 47,001 47,106 -0.17 0.868 -0.20 99.40 

        HS diploma Unmatched 0.476 0.488 -2.20** 0.028 -2.40 
 

 
Matched 0.476 0.476 -0.07 0.948 -0.10 96.00 

        College degree Unmatched 0.201 0.288 -17.94*** 0.000 -20.40 
 

 
Matched 0.201 0.199 0.28 0.777 0.40 98.10 

 

(continued on next page) 
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Table 1.B.2. (continued) Mean Covariate Difference Across Treatment Groups, 
2-Nearest Neighbor with Replacement 

Treatment: Diabetes Diagnosis 

 Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.928 0.727 43.09*** 0.000 55.30 

 
 

Matched 0.928 0.936 -2.04** 0.041 -2.10 96.30 

        Average health Unmatched 0.361 0.181 42.21*** 0.000 41.40 
 

 
Matched 0.361 0.367 -0.82 0.413 -1.30 96.80 

        
Great health Unmatched 0.384 0.762 -81.05*** 0.000 -82.90  

 
Matched 0.384 0.389 -0.72 0.472 -1.10 98.70 

        
Active Unmatched 0.396 0.563 -31.17*** 0.000 -33.90  

 
Matched 0.396 0.403 -0.98 0.326 -1.40 95.80 

        
Eat healthier Unmatched 0.704 0.295 82.82*** 0.000 89.60  

 
Matched 0.704 0.709 -0.75 0.452 -1.10 98.80 

        
Private insurance Unmatched 0.527 0.636 -20.88*** 0.000 -22.30  

 
Matched 0.527 0.536 -1.23 0.217 -1.80 91.80 

        
Public insurance Unmatched 0.377 0.174 48.00*** 0.000 46.60  

 
Matched 0.377 0.369 1.09 0.274 1.80 96.20 

        
Obese Unmatched 0.532 0.268 54.44*** 0.000 56.00  

 
Matched 0.532 0.522 1.38 0.168 2.10 96.20 

        
Hypertension Unmatched 0.719 0.245 101.33*** 0.000 107.70  

 
Matched 0.719 0.724 -0.82 0.411 -1.20 98.90 

        
Heart problem Unmatched 0.335 0.106 65.12*** 0.000 57.70  

 
Matched 0.335 0.327 1.29 0.196 2.20 96.10 

        
y2005 Unmatched 0.191 0.205 -3.31*** 0.001 -3.60 

 
 

Matched 0.191 0.185 0.89 0.375 1.30 65.00 

        y2006 Unmatched 0.210 0.205 1.09 0.274 1.20 
 

 
Matched 0.210 0.218 -1.40 0.160 -2.10 -75.60 

        y2007 Unmatched 0.197 0.186 2.56** 0.011 2.70 
 

 
Matched 0.197 0.198 -0.07 0.942 -0.10 96.10 

        y2008 Unmatched 0.220 0.194 5.87*** 0.000 6.20 
   Matched 0.220 0.213 1.05 0.292 1.60 74.90 

*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.B.3. Mean Covariate Difference Across Treatment Groups, 
Radius with Caliper = 0.01 

Treatment: Diabetes Diagnosis 

Covariate Sample 
Mean t-test % bias % reduction 

|bias| 
Treated Control t p-value   

Age Unmatched 59.83 44.16 84.95*** 0.000 99.20  

 
Matched 59.83 60.10 -1.29 0.197 -1.70 98.30 

        
Female Unmatched 0.556 0.538 3.32*** 0.001 3.60 

 
 

Matched 0.556 0.554 0.25 0.801 0.40 89.80 

        Hispanic Unmatched 0.228 0.222 1.39 0.163 1.50  

 
Matched 0.228 0.222 1.01 0.312 1.50 1.90 

        
Black Unmatched 0.217 0.158 14.75*** 0.000 15.20 

 
 

Matched 0.217 0.216 0.20 0.845 0.30 98.00 

        Asian Unmatched 0.038 0.050 -4.91*** 0.000 -5.60  

 
Matched 0.038 0.039 -0.16 0.870 -0.20 96.00 

        
Other race Unmatched 0.015 0.008 6.12*** 0.000 5.90 

 
 

Matched 0.015 0.015 -0.12 0.907 -0.20 96.70 

        MSA Unmatched 0.796 0.831 -8.60*** 0.000 -9.00  

 
Matched 0.796 0.792 0.77 0.443 1.20 87.10 

        
Married Unmatched 0.629 0.589 7.39*** 0.000 8.10 

 
 

Matched 0.629 0.633 -0.61 0.544 -0.90 89.10 

        Household size Unmatched 2.490 2.966 -27.88*** 0.000 -31.30  

 
Matched 2.490 2.481 0.45 0.656 0.60 98.00 

        
Employed Unmatched 0.425 0.722 -60.58*** 0.000 -62.90 

 
 

Matched 0.425 0.427 -0.22 0.826 -0.30 99.50 

        Household 
income Unmatched 47,001 63,492 -29.82*** 0.000 -34.80  

 
Matched 47,001 47,087 -0.14 0.891 -0.20 99.50 

        HS diploma Unmatched 0.476 0.488 -2.20** 0.028 -2.40 
 

 
Matched 0.476 0.476 -0.05 0.961 -0.10 97.00 

        College degree Unmatched 0.201 0.288 -17.94*** 0.000 -20.40 
 

 
Matched 0.201 0.202 -0.28 0.782 -0.40 98.10 

 

(continued on next page) 
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Table 1.B.3. (continued) Mean Covariate Difference Across Treatment Groups, 
Radius with Caliper = 0.01 
Treatment: Diabetes Diagnosis 

 Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.928 0.727 43.09*** 0.000 55.30 

 
 

Matched 0.928 0.930 -0.52 0.600 -0.50 99.00 

        Average health Unmatched 0.361 0.181 42.21*** 0.000 41.40 
 

 
Matched 0.361 0.366 -0.75 0.453 -1.20 97.10 

        
Great health Unmatched 0.384 0.762 -81.05*** 0.000 -82.90  

 
Matched 0.384 0.388 -0.63 0.528 -1.00 98.80 

        
Active Unmatched 0.396 0.563 -31.17*** 0.000 -33.90  

 
Matched 0.396 0.402 -0.92 0.359 -1.30 96.10 

        
Eat healthier Unmatched 0.704 0.295 82.82*** 0.000 89.60  

 
Matched 0.704 0.706 -0.22 0.824 -0.30 99.60 

        
Private insurance Unmatched 0.527 0.636 -20.88*** 0.000 -22.30  

 
Matched 0.527 0.531 -0.55 0.585 -0.80 96.40 

        
Public insurance Unmatched 0.377 0.174 48.00*** 0.000 46.60  

 
Matched 0.377 0.374 0.41 0.682 0.70 98.60 

        
Obese Unmatched 0.532 0.268 54.44*** 0.000 56.00  

 
Matched 0.532 0.523 1.19 0.235 1.80 96.70 

        
Hypertension Unmatched 0.719 0.245 101.33*** 0.000 107.70  

 
Matched 0.719 0.721 -0.30 0.764 -0.40 99.60 

        
Heart problem Unmatched 0.335 0.106 65.12*** 0.000 57.70  

 
Matched 0.335 0.328 1.11 0.269 1.90 96.70 

        
y2005 Unmatched 0.191 0.205 -3.31*** 0.001 -3.60 

 
 

Matched 0.191 0.190 0.03 0.978 0.00 98.90 

        y2006 Unmatched 0.210 0.205 1.09 0.274 1.20 
 

 
Matched 0.210 0.211 -0.25 0.802 -0.40 68.80 

        y2007 Unmatched 0.197 0.186 2.56** 0.011 2.70 
 

 
Matched 0.197 0.198 -0.08 0.934 -0.10 95.60 

        y2008 Unmatched 0.220 0.194 5.87*** 0.000 6.20 
   Matched 0.220 0.218 0.33 0.741 0.50 92.10 

*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.B.4. Mean Covariate Difference Across Treatment Groups, 
Epanechnikov Kernel 

Treatment: Diabetes Diagnosis 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 59.83 44.16 84.95*** 0.000 99.20  

 
Matched 59.83 59.11 3.39*** 0.001 4.60 95.40 

        
Female Unmatched 0.556 0.538 3.32*** 0.001 3.60 

 
 

Matched 0.556 0.553 0.34 0.734 0.50 86.30 

        Hispanic Unmatched 0.228 0.222 1.39 0.163 1.50  

 
Matched 0.228 0.223 0.89 0.373 1.30 13.60 

        
Black Unmatched 0.217 0.158 14.75*** 0.000 15.20 

 
 

Matched 0.217 0.215 0.44 0.657 0.70 95.50 

        Asian Unmatched 0.038 0.050 -4.91*** 0.000 -5.60  

 
Matched 0.038 0.039 -0.32 0.751 -0.40 92.20 

        
Other race Unmatched 0.015 0.008 6.12*** 0.000 5.90 

 
 

Matched 0.015 0.014 0.05 0.960 0.10 98.60 

        MSA Unmatched 0.796 0.831 -8.6*** 0.000 -9.00  

 
Matched 0.796 0.793 0.46 0.645 0.70 92.30 

        
Married Unmatched 0.629 0.589 7.39*** 0.000 8.10 

 
 

Matched 0.629 0.627 0.30 0.766 0.40 94.70 

        Household size Unmatched 2.490 2.966 -27.88*** 0.000 -31.30  

 
Matched 2.490 2.508 -0.85 0.398 -1.20 96.20 

        
Employed Unmatched 0.425 0.722 -60.58*** 0.000 -62.90 

 
 

Matched 0.425 0.438 -1.81* 0.070 -2.80 95.60 

        Household income Unmatched 47,001 63,492 -29.82*** 0.000 -34.80  

 
Matched 47,001 47,730 -1.16 0.245 -1.50 95.60 

        HS diploma Unmatched 0.476 0.488 -2.20*** 0.028 -2.40 
 

 
Matched 0.476 0.476 -0.04 0.967 -0.10 97.50 

        College degree Unmatched 0.201 0.288 -17.94*** 0.000 -20.40 
 

 
Matched 0.201 0.204 -0.62 0.534 -0.90 95.80 

 

(continued on next page) 
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Table 1.B.4. (continued) Mean Covariate Difference Across Treatment Groups 
Epanechnikov Kernel 

Treatment: Diabetes Diagnosis 

 Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.928 0.727 43.09*** 0.000 55.30 

 
 

Matched 0.928 0.917 2.91*** 0.004 3.10 94.40 

        Average health Unmatched 0.361 0.181 42.21*** 0.000 41.40 
 

 
Matched 0.361 0.359 0.30 0.766 0.50 98.80 

        
Great health Unmatched 0.384 0.762 -81.05*** 0.000 -82.90  

 
Matched 0.384 0.402 -2.51** 0.012 -3.90 95.30 

        
Active Unmatched 0.396 0.563 -31.17*** 0.000 -33.90  

 
Matched 0.396 0.408 -1.74* 0.081 -2.50 92.50 

        
Eat healthier Unmatched 0.704 0.295 82.82*** 0.000 89.60  

 
Matched 0.704 0.686 2.68*** 0.007 3.90 95.60 

        
Private insurance Unmatched 0.527 0.636 -20.88*** 0.000 -22.30  

 
Matched 0.527 0.533 -0.75 0.455 -1.10 95.00 

        
Public insurance Unmatched 0.377 0.174 48.00*** 0.000 46.60  

 
Matched 0.377 0.367 1.49 0.137 2.40 94.80 

        
Obese Unmatched 0.532 0.268 54.44*** 0.000 56.00  

 
Matched 0.532 0.512 2.78*** 0.005 4.30 92.30 

        
Hypertension Unmatched 0.719 0.245 101.33*** 0.000 107.70  

 
Matched 0.719 0.701 2.73*** 0.006 4.10 96.20 

        
Heart problem Unmatched 0.335 0.106 65.12*** 0.000 57.70  

 
Matched 0.335 0.320 2.23** 0.026 3.80 93.40 

        
y2005 Unmatched 0.191 0.205 -3.31*** 0.001 -3.60 

 
 

Matched 0.191 0.192 -0.18 0.854 -0.30 92.70 

        y2006 Unmatched 0.210 0.205 1.09 0.274 1.20 
 

 
Matched 0.210 0.211 -0.18 0.858 -0.30 77.80 

        y2007 Unmatched 0.197 0.186 2.56** 0.011 2.70 
 

 
Matched 0.197 0.197 0.02 0.985 0.00 99.00 

        y2008 Unmatched 0.220 0.194 5.87*** 0.000 6.20 
   Matched 0.220 0.216 0.58 0.564 0.90 86.20 

*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Appendix 1.C 

Propensity Score Logistic Results, When Treatment Is Diabetes Diagnosis Group 

  

The predicted values of the logistic regression of treatment on covariates are 

used to generate the propensity score. The specification predicting treatment is 

the same for all diabetes diagnosis groups. Logistic regression results aside, this 

identical specification is justified for two reasons. First, it is argued that the same 

unobservables that would lead an individual to seek medical service and receive 

a diabetes diagnosis would likely also lead the individual to seek services for 

other medical problems, and thus, be diagnosed with a comorbidity, if 

applicable. Second, since diabetes, obesity, hypertension and heart problems are 

all risk factors for each other, the same genetics and behavioral trends would 

likely affect risk of developing any of these disorders. 

 The coefficients and marginal effects for all diabetes diagnosis groups are 

presented in Tables 1.C.1 through 1.C.8. There are several observations to note. 

First, the power of the specification in predicting treatment (i.e. having diabetes 

and possibly a co-morbidity, and also seeking treatment to receive these 

diagnoses) generally increases in the number and severity of comorbidities. 

Whereas for the diabetes-only treatment group (DDx1) the pseudo R-squared of 

the logistic model is 0.0730, that for the diabetes group with hypertension (DDx3) 

and the diabetes group with heart problems (DDx4) are 0.1897 and 0.1832, 

respectively. For diabetics with both hypertension and heart problems (DDx7), 

the pseudo R-squared is 0.3067, while that for diabetics with all 3 comorbidities 



 65 

(DDx8) is 0.3343. Thus, the specification appears to predict better for sicker 

individuals. 

 Second, having a usual healthcare provider has the largest impact on 

being treated (receiving a diagnosis combination) and it is very statistically 

significant. Other significant factors that determine an individual’s diagnosis 

combination are age, sex, minority race, self-reported health status and 

behavioral indicators. Age has the expected inverted-U impact on all diagnosis 

combinations, while females are less likely to be diagnosed with 6 of the disease 

combinations. The results demonstrate that for diagnosis combinations where 

race variables are significant, blacks and Hispanic are more likely to be 

diagnosed. Individuals who report better health status have a lower probability 

of being diagnosed, individuals who are regularly physically active are 

significantly less likely to be diagnosed, and individuals who are advised about 

eating habits are more likely to be receive most diagnosis combinations. 

Education, income, marital status and even insurance coverage are not 

statistically significant determinants of any diagnosis combination. 
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Table 1.C.1. Logistic Regression Results from Selection Model, DDx1 

Treatment:  DDx1 - Diabetes  Only, No Co-morbidities 

 
Logit Coefficient Marginal Effect 

Age 0.1018*** 0.0013*** 

 (0.0117) (0.0002) 
Age² -0.7443E-3*** -0.0094E-3*** 

 (0.1089E-3) (0.0014E-3) 
Female -0.2432*** -0.0031*** 

 (0.0594) (0.0008) 
Hispanic 0.7541*** 0.0095*** 

 (0.0808) (0.0011) 
Black 0.3504*** 0.0044*** 

 (0.0874) (0.0011) 
Asian 0.8636*** 0.0109*** 

 (0.1175) (0.0015) 
Other race 0.9610*** 0.0121*** 

 (0.2393) (0.0030) 
MSA -0.1124 -0.0014 

 (0.0775) (0.0010) 
Married 0.1786** 0.0022** 

 (0.0707) (0.0009) 
Household size 0.0127 0.0002 

 (0.0220) (0.0003) 
Employed 0.0341 0.000 

 (0.0790) (0.0010) 
Household income -0.0804E-5 -1.02E-08 

 (0.0722E-5) 9.13E-09 
High school diploma 0.0150 0.0002 

 (0.0769) (0.0010) 
College degree -0.1564 -0.0020 

 (0.0963) (0.0012) 
Usual provider 0.5069*** 0.0064*** 

 (0.0901) (0.0012) 
Average health -0.2652*** -0.0034*** 

 (0.0948) (0.0012) 
Great health -0.8410*** -0.0106*** 

 (0.0952) (0.0012) 
Active 0.0875 0.0011 

 (0.0598) (0.0008) 
Eat healthier 0.5944*** 0.0075*** 

 (0.0610) (0.0008) 
 

(Continued on the next page) 
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Table 1.C.1. (continued) Logistic Regression Results from Selection Model, 
DDx1 

 
Treatment:  DDx1 - Diabetes  Only, No Co-morbidities 

 
Logit Coefficient Marginal Effect 

Private insurance 0.0216 0.0003 

 (0.0946) (0.0012) 
Public insurance 0.1286 0.0016 

 (0.1052) (0.0013) 
y2005 0.1791* 0.0023* 

 (0.0955) (0.0012) 
y2006 0.2332** 0.0029** 

 (0.0937) (0.0012) 
y2007 0.3082*** 0.0039*** 

 (0.0943) (0.0012) 
y2008 0.2607*** 0.0033*** 

 (0.0949) (0.0012) 
Constant -7.8352*** 

 
 (0.3439) 

 Pseudo R-squared 0.0730   
N 95,186   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.C.2. Logistic Regression Results from Selection Model, DDx2 

Treatment: DDx2 - Diabetes and Obese Only 

 
Logit Coefficient Marginal Effect 

Age 0.1726*** 0.0017*** 

 (0.0157) (0.0002) 
Age² -0.0018*** -0.0170E-3*** 

 (0.0002) (0.0016E-3) 
Female 0.0595 0.0006 

 (0.0690) (0.0007) 
Hispanic 0.5180*** 0.0050*** 

 (0.0908) (0.0009) 
Black 0.1652* 0.0016* 

 (0.098) (0.0009) 
Asian -0.5982** -0.0058** 

 (0.2500) (0.0024) 
Other race 1.0220*** 0.0099*** 

 (0.2367) (0.0023) 
MSA -0.3104*** -0.0030*** 

 (0.0828) (0.0008) 
Married 0.2152*** 0.0021*** 

 (0.0816) (0.0008) 
Household size 0.0169 0.0002 

 (0.0247) (0.0002) 
Employed -0.0718 -0.0007 

 (0.0882) (0.0009) 
Household income -0.2620E-5*** -0.2530E-7*** 

 (0.0907E-5) (0.0878E-7) 
High school diploma 0.1097 0.0011 

 (0.0898) (0.0009) 
College degree -0.1444 -0.0014 

 (0.1143) (0.0011) 
Usual provider 0.7176*** 0.0069*** 

 (0.1096) (0.0011) 
Average health 0.1103 0.0011 

 (0.1076) (0.0010) 
Great health -0.8322*** -0.0080*** 

 (0.1133) (0.0011) 
Active -0.2047*** -0.0020*** 

 (0.0683) (0.0007) 
Eat healthier 1.0937*** 0.0105*** 

 (0.0723) (0.0008) 
 

(Continued on the next page) 
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Table 1.C.2. (continued) Logistic Regression Results from Selection Model, 
DDx2 

 
Treatment: DDx2 - Diabetes and Obese Only 

 
Logit Coefficient Marginal Effect 

Private insurance 0.1469 0.0014 

 (0.1058) (0.0010) 
Public insurance 0.1444 0.0014 

 (0.1187) (0.0011) 
y2005 -0.0618 -0.0006 

 (0.1028) (0.0010) 
y2006 0.0572 0.0006 

 (0.0993) (0.0010) 
y2007 -0.1430 -0.0014 

 (0.1079) (0.0010) 
y2008 -0.0295 -0.0003 

 (0.1042) (0.0010) 
Constant -8.9657*** 

 
 (0.4242) 

 Pseudo R-squared 0.1059   
N 94,892   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 

 

 

 

 

 

 

 

 

 

 



 70 

Table 1.C.3. Logistic Regression Results from Selection Model, DDx3 

Treatment: DDx3 - Diabetes and Hypertension Only 

 
Logit Coefficient Marginal Effect 

Age 0.2597*** 0.0043*** 

 (0.0157) (0.0003) 
Age² -0.0017*** -0.0286E-3*** 

 (0.0001) (0.0022E-3) 
Female -0.2151*** -0.0036*** 

 (0.0526) (0.0009) 
Hispanic 0.8971*** 0.0149*** 

 (0.0732) (0.0012) 
Black 0.7981*** 0.0132*** 

 (0.0686) (0.0012) 
Asian 0.8567*** 0.0142*** 

 (0.1113) (0.0019) 
Other race 0.6882*** 0.0114*** 

 (0.2570) (0.0043) 
MSA -0.0647 -0.0011 

 (0.0670) (0.0011) 
Married -0.0689 -0.0011 

 (0.0592) (0.001) 
Household size 0.0348* 0.0006* 

 (0.0208) (0.0003) 
Employed 0.0004 0.0061E-3 

 (0.0680) (0.0011) 
Household income -0.2730E-5*** -0.0453E-06*** 

 (0.0718E-5) (0.0119E-6) 
High school diploma -0.1006 -0.0017 

 (0.0646) (0.0011) 
College degree -0.2482*** -0.0041*** 

 (0.0827) (0.0014) 
Usual provider 0.8755*** 0.0145*** 

 (0.1037) (0.0017) 
Average health -0.1567** -0.0026** 

 (0.0774) (0.0013) 
Great health -0.6032*** -0.0100*** 

 (0.0779) (0.0013) 
Active 0.0131 0.0002 

 (0.0525) (0.0009) 
Eat healthier 0.8893*** 0.0147*** 

 (0.0543) (0.0009) 
 

(Continued on the next page) 
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Table 1.C.3. (continued) Logistic Regression Results from Selection Model, 
DDx3 

 
Treatment: DDx3 - Diabetes and Hypertension Only 

 
Logit Coefficient Marginal Effect 

Private insurance 0.0428 0.0007 

 (0.0958) (0.0016) 
Public insurance 0.0951 0.0016 

 (0.1006) (0.0017) 
y2005 0.0996 0.0017 

 (0.0833) (0.0014) 
y2006 0.2137*** 0.0035*** 

 (0.0802) (0.0013) 
y2007 0.1939** 0.0032** 

 (0.0825) (0.0014) 
y2008 0.2683*** 0.0044*** 

 (0.0815) (0.0014) 
Constant -13.667*** 

 
 (0.5034) 

 Pseudo R-squared 0.1897   
N 95,654   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.C.4. Logistic Regression Results from Selection Model, DDx4 

Treatment: DDx4 - Diabetes and Heart Disease Only 

 
Logit Coefficient Marginal Effect 

Age 0.1160*** 0.0003*** 

 (0.0363) (0.0001) 
Age² -0.0005 -0.0118E-4 

 (0.0003) (0.0076E-4) 
Female -0.6008*** -0.0016*** 

 (0.1349) (0.0004) 
Hispanic 0.3767** 0.0010** 

 (0.1913) (0.0005) 
Black -0.8228*** -0.0022*** 

 (0.2773) (0.0007) 
Asian 0.2532 0.0007 

 (0.2981) (0.0008) 
Other race 1.0393** 0.0027** 

 (0.4697) (0.0012) 
MSA 0.0143 0.0374E-3 

 (0.1641) (0.4000E-3) 
Married 0.2231 0.0006 

 (0.1588) (0.0004) 
Household size 0.0868 0.0002 

 (0.0563) (0.0001) 
Employed -0.4515** -0.0012** 

 (0.1888) (0.0005) 
Household income 0.0492E-5 0.1290E-7 

 (0.1610E-5) (0.0423E-7) 
High school diploma 0.1280 0.0003 

 (0.1709) (0.0004) 
College degree 0.1581 0.0004 

 (0.2064) (0.0005) 
Usual provider 0.3473 0.0009 

 (0.2632) (0.0007) 
Average health -0.6050*** -0.0016*** 

 (0.1710) (0.0005) 
Great health -1.4064*** -0.0037*** 

 (0.1795) (0.0005) 
Active -0.1730 -0.0005 

 (0.1363) (0.0004) 
Eat healthier 0.7089*** 0.0019*** 

 (0.1361) (0.0004) 
 

(Continued on the next page) 
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Table 1.C.4. (continued) Logistic Regression Results from Selection Model, 
DDx4 

 
Treatment: DDx4 - Diabetes and Heart Disease Only 

 
Logit Coefficient Marginal Effect 

Private insurance 1.4325*** 0.0038*** 

 (0.4716) (0.0013) 
Public insurance 1.3729*** 0.0036*** 

 (0.4754) (0.0013) 
y2005 0.0314 0.0001 

 (0.1927) (0.0005) 
y2006 0.0150 0.0394E-3 

 (0.1912) (0.5000E-3) 
y2007 -0.1910 -0.0005 

 (0.2072) (0.0005) 
y2008 -0.0970 -0.0003 

 (0.2065) (0.0005) 
Constant -11.7856*** 

 
 (1.2421) 

 Pseudo R-squared 0.1832   
N 94,203   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.C.5. Logistic Regression Results from Selection Model, DDx5 

Treatment: DDx5 - Diabetes, Obese and Hypertension Only 

 
Logit Coefficient Marginal Effect 

Age 0.2538*** 0.0056*** 

 (0.0123) (0.0003) 
Age² -0.0021*** -0.4560E-4*** 

 (0.0001) (0.0245E-4) 
Female 0.0519 0.0011 

 (0.0459) (0.0010) 
Hispanic 0.4757*** 0.0105*** 

 (0.0639) (0.0014) 
Black 0.6782*** 0.0150*** 

 (0.0567) (0.0013) 
Asian -0.3854** -0.0085** 

 (0.1555) (0.0034) 
Other race 0.9097*** 0.0201*** 

 (0.1822) (0.0040) 
MSA -0.1880*** -0.0041*** 

 (0.0552) (0.0012) 
Married -0.0387 -0.0009 

 (0.0512) (0.0011) 
Household size 0.0147 0.0003 

 (0.0174) (0.0004) 
Employed -0.1493*** -0.0033*** 

 (0.0575) (0.0013) 
Household income -0.1520E-5** -0.0335E-6** 

 (0.0606E-5) (0.0134E-6) 
High school diploma -0.0597 -0.0013 

 (0.0563) (0.0012) 
College degree -0.2401*** -0.0053*** 

 (0.0728) (0.0016) 
Usual provider 1.0887*** 0.0240*** 

 (0.0958) (0.0021) 
Average health -0.2098*** -0.0046*** 

 (0.0595) (0.0013) 
Great health -1.2239*** -0.0270*** 

 (0.0651) (0.0015) 
Active -0.4353*** -0.0096*** 

 (0.0464) (0.0010) 
Eat healthier 1.2326*** 0.0272*** 

 (0.0495) (0.0012) 
 

(Continued on the next page) 
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Table 1.C.5. (continued) Logistic Regression Results from Selection Model, 
DDx5 

 
Treatment: DDx5 - Diabetes, Obese and Hypertension Only 

 
Logit Coefficient Marginal Effect 

Private insurance 0.1267 0.0028 

 (0.0782) (0.0017) 
Public insurance 0.2493*** 0.0055*** 

 (0.0818) (0.0018) 
y2005 0.1022 0.0023 

 (0.072) (0.0016) 
y2006 0.1968*** 0.0043*** 

 (0.0698) (0.0015) 
y2007 0.2666*** 0.0059*** 

 (0.0707) (0.0016) 
y2008 0.3504*** 0.0077*** 

 (0.0698) (0.0015) 
Constant -11.6634*** 

 
 (0.3764) 

 Pseudo R-squared 0.2151   
N 96,323   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.C.6. Logistic Regression Results from Selection Model, DDx6 

Treatment: DDx6 - Diabetes, Obese and Heart Disease Only 

 
Logit Coefficient Marginal Effect 

Age 0.1818*** 0.0004*** 

 (0.0363) (0.0001) 
Age² -0.0014*** -0.0325E-4*** 

 (0.0003) (0.0073E-4) 
Female -0.2047 -0.0005 

 (0.1418) (0.0003) 
Hispanic -0.0645 -0.0001 

 (90.2159) (0.0005) 
Black -0.1966 -0.0004 

 (0.2084) (0.0005) 
Asian -1.0669* -0.0024* 

 (0.5884) (0.0013) 
Other race 0.5358 0.0012 

 (0.5915) (0.0013) 
MSA 0.1437 0.0003 

 (0.1801) (0.0004) 
Married 0.1726 0.0004 

 (0.1685) (0.0004) 
Household size 0.0002 0.000000462 

 (0.0621) (0.0001) 
Employed -0.6876*** -0.0015*** 

 (0.1867) (0.0004) 
Household income -0.0243E-4 -0.0545E-7 

 (0.0194E-4) (0.0438E-7) 
High school diploma 0.2482 0.0006 

 (0.1873) (0.0004) 
College degree 0.1069 0.0002 

 (0.2333) (0.0005) 
Usual provider 0.5851** 0.0013** 

 (0.2892) (0.0007) 
Average health -0.5081*** -0.0011*** 

 (0.1824) (0.0004) 
Great health -1.336*** -0.0030*** 

 (0.1973) (0.0005) 
Active -0.6391*** -0.0014*** 

 (0.1540) (0.0004) 
Eat healthier 1.1302*** 0.0025*** 

 (0.1580) (0.0004) 
 

(Continued on the next page) 
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Table 1.C.6. (continued) Logistic Regression Results from Selection Model, 
DDx6 

 
Treatment: DDx6 - Diabetes, Obese and Heart Disease Only 

 
Logit Coefficient Marginal Effect 

Private insurance 0.8490** 0.0019** 

 (0.3332) (0.0008) 
Public insurance 0.7988** 0.0018** 

 (0.3391) (0.0008) 
y2005 -0.0386 -0.0001 

 (0.2159) (0.0005) 
y2006 -0.1389 -0.0003 

 (0.2202) (0.0005) 
y2007 0.0552 0.0001 

 (0.2161) (0.0005) 
y2008 0.2019 0.0005 

 (0.2119) (0.0005) 
Constant -11.6270*** 

 
 (1.1511) 

 Pseudo R-squared 0.1470   
N 94,165   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.C.7. Logistic Regression Results from Selection Model, DDx7 

Treatment: DDx7 - Diabetes, Hypertension and Heart Disease Only 

 
Logit Coefficient Marginal Effect 

Age 0.3169*** 0.0036*** 

 (0.028) (0.0003) 
Age² -0.0019*** -0.2200E-4*** 

 (0.0002) (0.0244E-4) 
Female -0.4494*** -0.0051*** 

 (0.0641) (0.0007) 
Hispanic 0.3164*** 0.0036*** 

 (0.0984) (0.0011) 
Black 0.6561*** 0.0074*** 

 (0.0814) (0.0009) 
Asian 0.6661*** 0.0076*** 

 (0.1415) (0.0016) 
Other race 0.9713*** 0.0110*** 

 (0.2665) (0.0030) 
MSA -0.07 -0.0008 

 (0.077) (0.0009) 
Married -0.0297 -0.0003 

 (0.0717) (0.0008) 
Household size -0.0446 -0.0005 

 (0.0312) (0.0004) 
Employed -0.5881*** -0.0067*** 

 (0.0932) (0.0011) 
Household income -0.1010E-5 -0.0115E-6 

 (0.0913E-5) (0.0104E-6) 
High school diploma 0.0954 0.0011 

 (0.0761) 90.0009) 
College degree 0.0068 0.0001 

 (0.0991) (0.0011) 
Usual provider 0.6718*** 0.0076*** 

 (0.1482) (0.0017) 
Average health -0.7289*** -0.0083*** 

 (0.0775) (0.0009) 
Great health -1.5375*** -0.0175*** 

 (0.0834) (0.0010) 
Active -0.2931*** -0.0033*** 

 (0.0666) (0.0008) 
Eat healthier 1.1491*** 0.0130*** 

 (0.0696) (0.0008) 
 

(Continued on the next page) 
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Table 1.C.7. (continued) Logistic Regression Results from Selection Model, 
DDx7 

 
Treatment: DDx7 - Diabetes, Hypertension and Heart Disease Only 

 
Logit Coefficient Marginal Effect 

Private insurance 0.2685* 0.0030* 

 (0.1628) (0.0018) 
Public insurance 0.3658** 0.0042** 

 (0.1627) (0.0018) 
y2005 0.0061 0.0001 

 (0.0972) (0.0011) 
y2006 -0.1854* -0.0021* 

 (0.1003) (0.0011) 
y2007 0.0769 0.0009 

 (0.0971) (0.0011) 
y2008 0.3660*** 0.0042*** 

 (0.0939) (0.0011) 
Constant -15.8678*** 

 
 (0.9468) 

 Pseudo R-squared 0.3067   
N 95,163   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.C.8. Logistic Regression Results from Selection Model, DDx8 

Treatment: DDx8 - Diabetes, Obese, Hypertension and Heart Disease 

 
Logit Coefficient Marginal Effect 

Age 0.3960*** 0.0053*** 

 (0.0233) (0.0003) 
Age² -0.0030*** -0.3960E-4*** 

 (0.0002) (0.0253E-4) 
Female -0.1815*** -0.0024*** 

 (0.0589) (0.0008) 
Hispanic -0.0442 -0.0006 

 (0.0871) 90.0012) 
Black 0.2440*** 0.0032*** 

 (0.0744) (0.0010) 
Asian -1.1071*** -0.0147*** 

 (0.2608) (0.0035) 
Other race 0.3648 0.0048 

 (0.2729) (0.0036) 
MSA 0.1000 0.0013 

 (0.0719) (0.0010) 
Married -0.1203* -0.0016* 

 (0.0654) (0.0009) 
Household size 0.0148 0.0002 

 (0.0257) (0.0003) 
Employed -0.5045*** -0.0067*** 

 (0.0789) (0.0011) 
Household income -0.4170E-5*** -0.0553E-6*** 

 (0.0931E-5) (0.0124E-6) 
High school diploma -0.0510 -0.0007 

 (0.0691) (0.0009) 
College degree -0.3801*** -0.0050*** 

 (0.0962) (0.0013) 
Usual provider 0.8646*** 0.0115*** 

 (0.1402) (0.0019) 
Average health -0.7412*** -0.0098*** 

 (0.0671) (0.0009) 
Great health -1.9535*** -0.0259*** 

 (0.0811) (0.0012) 
Active -0.5993*** -0.0080*** 

 (0.0639) (0.0009) 
Eat healthier 1.6757*** 0.0222*** 

 (0.0737) (0.0010) 
 

(Continued on the next page) 
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Table 1.C.8. (continued) Logistic Regression Results from Selection Model, 
DDx8 

 
Treatment: DDx8 - Diabetes, Obese, Hypertension and Heart Disease 

 
Logistic Coefficient Marginal Effect 

Private insurance 0.4497*** 0.0060*** 

 (0.1261) (0.0017) 
Public insurance 0.5635*** 0.0075*** 

 (0.1256) (0.0017) 
y2005 0.0467 0.0006 

 (0.0929) (0.0012) 
y2006 0.1036 0.0014 

 (0.0908) (0.0012) 
y2007 0.2132** 0.0028** 

 (0.0918) (0.0012) 
y2008 0.5350*** 0.0071*** 

 (0.0880) (0.0012) 
Constant -16.8067*** 

 
 (0.7578) 

 Pseudo R-squared 0.3343   
N 95,428   

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Appendix 1.D 

Match Quality, When Treatment Is Diabetes Diagnosis Groups 

 

This study concludes that the ATT on medical expenditures by diabetes 

diagnosis group is best estimated via radius matching. To support this decision, 

the match quality over the region of common support is presented. Tables 1.D.1 

through 1.D.8 provide t-tests on covariate mean differences across treated and 

untreated groups before and after matching for all diabetes diagnosis groups.  

Although this specification does not perfectly balance any of the diabetes 

diagnosis group matched datasets, and therefore precludes all estimates from 

being fully identified, all groups are more balanced after matching than before. 

Moreover, the reduction in standardized bias is very large (greater than 60) for 

majority of the covariates in all diabetes diagnosis groups, further demonstrating 

good balance improvement. 

Four diagnosis groups become overwhelmingly more balanced after 

matching. DDx5 demonstrates no statistically significant difference in any 

covariate across treatment and control groups after matching, while DDx3, DDx7 

and DDx8 differ only in “age” at the 5, 5 and 10 percent significance levels, 

respectively. DDx1 and DDx2 have only 4 covariates whose difference in means 

across treatment and control groups remain statistically significant, however, 14 

other covariates whose differences were significant prior to matching are no 

longer significantly different after matching. DDx6 demonstrates the least 

improvement in balancing with the selected specification, however, 5 covariate 
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means are no longer statistically different across treatment and control groups 

after matching. 
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Table 1.D.1.  Mean Covariate Difference Across Treatment Groups, DDx1 

Treatment:  DDx1 - Diabetes  Only, No Co-morbidities 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 53.47 44.13 18.87*** 0.000 56.80  

 
Matched 53.47 51.70 2.76*** 0.006 10.80 81.00 

        
Female Unmatched 0.503 0.540 -2.62*** 0.009 -7.50 

 
 

Matched 0.503 0.511 -0.40 0.690 -1.60 78.50 

        Hispanic Unmatched 0.295 0.226 5.73*** 0.000 15.70  

 
Matched 0.295 0.280 0.81 0.415 3.40 78.40 

        
Black Unmatched 0.161 0.158 0.34 0.733 1.00 

 
 

Matched 0.161 0.161 0.04 0.970 0.20 84.30 

        Asian Unmatched 0.074 0.049 4.09*** 0.000 10.60  

 
Matched 0.074 0.070 0.48 0.634 2.10 80.50 

        
Other race Unmatched 0.015 0.008 2.68*** 0.007 6.50 

 
 

Matched 0.015 0.014 0.32 0.751 1.40 78.20 

        MSA Unmatched 0.817 0.832 -1.40 0.160 -4.00  

 
Matched 0.817 0.820 -0.18 0.858 -0.70 81.60 

        
Married Unmatched 0.691 0.590 7.14*** 0.000 21.10 

 
 

Matched 0.691 0.670 1.12 0.263 4.40 79.10 

        Household size Unmatched 2.832 2.980 -3.24*** 0.001 -9.50  

 
Matched 2.832 2.856 -0.39 0.697 -1.60 83.60 

        
Employed Unmatched 0.607 0.722 -8.89*** 0.000 -24.40 

 
 

Matched 0.607 0.628 -1.07 0.284 -4.50 81.70 

        Household income Unmatched 56,230 63,377 -4.82*** 0.000 -14.50  

 
Matched 56,230 57,619 -0.72 0.469 -2.80 80.60 

        HS diploma Unmatched 0.474 0.486 -0.80 0.424 -2.30 
 

 
Matched 0.474 0.477 -0.14 0.887 -0.60 75.10 

        College degree Unmatched 0.239 0.286 -3.66*** 0.000 -10.80 
 

 
Matched 0.239 0.247 -0.48 0.629 -1.90 82.40 

 
(Continued on the next page) 
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Table 1.D.1. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx1 

 
Treatment:  DDx1 - Diabetes  Only, No Co-morbidities 

 Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.857 0.725 10.37*** 0.000 33.00 

 
 

Matched 0.857 0.832 1.75* 0.080 6.40 80.70 

        Average health Unmatched 0.313 0.182 11.79*** 0.000 30.60 
 

 
Matched 0.313 0.288 1.33 0.184 5.80 81.20 

        
Great health Unmatched 0.537 0.761 -18.35*** 0.000 -48.40  

 
Matched 0.537 0.580 -2.17** 0.030 -9.30 80.70 

        
Active Unmatched 0.523 0.560 -2.57* 0.010 -7.30  

 
Matched 0.523 0.529 -0.31 0.755 -1.30 82.80 

        
Eat healthier Unmatched 0.539 0.296 18.59*** 0.000 50.90  

 
Matched 0.539 0.493 2.31** 0.021 9.70 80.90 

        
Private insurance Unmatched 0.585 0.634 -3.50*** 0.000 -9.90  

 
Matched 0.585 0.594 -0.45 0.650 -1.80 81.40 

        
Public insurance Unmatched 0.266 0.175 8.35*** 0.000 22.10  

 
Matched 0.266 0.249 0.96 0.339 4.10 81.50 

        
y2005 Unmatched 0.198 0.205 -0.64 0.521 -1.90 

 
 

Matched 0.198 0.199 -0.07 0.946 -0.30 85.30 

        y2006 Unmatched 0.216 0.205 0.95 0.344 2.70 
 

 
Matched 0.216 0.214 0.13 0.899 0.50 80.90 

        y2007 Unmatched 0.211 0.187 2.13** 0.033 6.00 
 

 
Matched 0.211 0.206 0.28 0.779 1.10 80.70 

        y2008 Unmatched 0.207 0.194 1.19 0.234 3.40 
   Matched 0.207 0.205 0.16 0.874 0.60 80.90 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.2.  Mean Covariate Difference Across Treatment Groups, DDx2 

Treatment: DDx2 - Diabetes and Obese Only 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 48.56 44.13 7.82*** 0.000 29.00  

 
Matched 48.56 47.54 1.63 0.103 6.70 77.00 

        
Female Unmatched 0.590 0.540 3.04*** 0.002 10.00 

 
 

Matched 0.590 0.578 0.54 0.588 2.50 75.20 

        Hispanic Unmatched 0.294 0.226 4.98*** 0.000 15.60  

 
Matched 0.294 0.278 0.78 0.433 3.70 76.10 

        
Black Unmatched 0.166 0.158 0.69 0.492 2.20 

 
 

Matched 0.166 0.165 0.07 0.945 0.30 85.50 

        Asian Unmatched 0.018 0.049 -4.40*** 0.000 -17.30  

 
Matched 0.018 0.026 -1.12 0.263 -4.20 75.70 

        
Other race Unmatched 0.021 0.008 4.29*** 0.000 10.70 

 
 

Matched 0.021 0.018 0.45 0.652 2.40 77.50 

        MSA Unmatched 0.775 0.832 -4.68*** 0.000 -14.50  

 
Matched 0.775 0.788 -0.72 0.472 -3.50 76.10 

        
Married Unmatched 0.699 0.590 6.77*** 0.000 22.90 

 
 

Matched 0.699 0.672 1.29 0.197 5.80 74.70 

        Household size Unmatched 2.993 2.980 0.24 0.810 0.80  

 
Matched 2.993 2.987 0.08 0.936 0.40 54.30 

        
Employed Unmatched 0.660 0.722 -4.20*** 0.000 -13.40 

 
 

Matched 0.660 0.672 -0.55 0.579 -2.60 80.40 

        Household income Unmatched 54,160 63,377 -5.44*** 0.000 -19.60  

 
Matched 54,160 56,237 -1.02 0.306 -4.40 77.50 

        HS diploma Unmatched 0.531 0.486 2.77*** 0.006 9.10 
 

 
Matched 0.531 0.520 0.49 0.627 2.20 75.30 

        College degree Unmatched 0.217 0.286 -4.69*** 0.000 -16.00 
 

 
Matched 0.217 0.232 -0.77 0.440 -3.40 78.60 

 
(Continued on the next page) 
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Table 1.D.2. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx2 

 
Treatment: DDx2 - Diabetes and Obese Only 

 Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-value 

Usual provider Unmatched 0.883 0.725 10.82*** 0.000 40.60 
 

 
Matched 0.883 0.846 2.33** 0.020 9.40 76.80 

        Average health Unmatched 0.404 0.182 17.50*** 0.000 50.30 
 

 
Matched 0.404 0.357 2.11** 0.035 10.70 78.70 

        
Great health Unmatched 0.453 0.761 -22.07*** 0.000 -66.60  

 
Matched 0.453 0.518 -2.84*** 0.005 -14.10 78.80 

        
Active Unmatched 0.445 0.560 -7.03*** 0.000 -23.00  

 
Matched 0.445 0.470 -1.08 0.281 -5.00 78.30 

        
Eat healthier Unmatched 0.642 0.296 23.13*** 0.000 73.90  

 
Matched 0.642 0.569 3.23*** 0.001 15.50 79.00 

        
Private insurance Unmatched 0.620 0.634 -0.90 0.369 -2.90  

 
Matched 0.620 0.622 -0.10 0.920 -0.50 84.20 

        
Public insurance Unmatched 0.225 0.175 4.08*** 0.000 12.70  

 
Matched 0.225 0.215 0.54 0.586 2.60 79.50 

        
y2005 Unmatched 0.198 0.205 -0.55 0.579 -1.80 

 
 

Matched 0.198 0.199 -0.06 0.950 -0.30 84.30 

        y2006 Unmatched 0.228 0.205 1.76* 0.079 5.60 
 

 
Matched 0.228 0.223 0.27 0.785 1.30 77.30 

        y2007 Unmatched 0.166 0.187 -1.64 0.101 -5.50 
 

 
Matched 0.166 0.170 -0.27 0.788 -1.20 77.80 

        y2008 Unmatched 0.191 0.194 -0.20 0.845 -0.60 
   Matched 0.191 0.192 -0.04 0.968 -0.20 71.20 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.3.  Mean Covariate Difference Across Treatment Groups, DDx3 

Treatment: DDx3 - Diabetes and Hypertension Only 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 63.07 44.13 44.94*** 0.000 124.00  

 
Matched 63.07 62.14 2.01** 0.044 6.10 95.10 

        
Female Unmatched 0.538 0.540 -0.14 0.889 -0.30 

 
 

Matched 0.538 0.538 0.01 0.993 0.00 91.10 

        Hispanic Unmatched 0.258 0.226 3.16*** 0.002 7.50  

 
Matched 0.258 0.251 0.51 0.607 1.80 76.20 

        
Black Unmatched 0.233 0.158 8.39*** 0.000 19.00 

 
 

Matched 0.233 0.227 0.36 0.716 1.30 93.00 

        Asian Unmatched 0.062 0.049 2.37** 0.018 5.50  

 
Matched 0.062 0.061 0.08 0.934 0.30 94.60 

        
Other race Unmatched 0.010 0.008 0.72 0.469 1.70 

 
 

Matched 0.010 0.010 0.02 0.981 0.10 95.00 

        MSA Unmatched 0.816 0.832 -1.80* 0.072 -4.30  

 
Matched 0.816 0.817 -0.09 0.927 -0.30 92.60 

        
Married Unmatched 0.618 0.590 2.34** 0.019 5.80 

 
 

Matched 0.618 0.613 0.29 0.770 1.00 82.70 

        Household size Unmatched 2.429 2.980 -14.09*** 0.000 -35.80  

 
Matched 2.429 2.439 -0.18 0.853 -0.60 98.30 

        
Employed Unmatched 0.435 0.722 -26.14*** 0.000 -60.70 

 
 

Matched 0.435 0.444 -0.56 0.573 -2.00 96.70 

        Household income Unmatched 46,825 63,377 -13.11*** 0.000 -35.00  

 
Matched 46,825 47,495 -0.46 0.646 -1.40 95.90 

        HS diploma Unmatched 0.445 0.486 -3.34*** 0.001 -8.20 
 

 
Matched 0.445 0.453 -0.45 0.651 -1.50 81.10 

        College degree Unmatched 0.207 0.286 -7.21*** 0.000 -18.50 
 

 
Matched 0.207 0.210 -0.24 0.809 -0.80 95.80 

 
(Continued on the next page) 
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Table 1.D.3. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx3 

 
Treatment: DDx3 - Diabetes and Hypertension Only 

 Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-value 

Usual provider Unmatched 0.932 0.725 19.1*** 0.000 57.20 
 

 
Matched 0.932 0.923 1.10 0.273 2.70 95.30 

        Average health Unmatched 0.333 0.182 15.94*** 0.000 35.10 
 

 
Matched 0.333 0.325 0.49 0.622 1.80 94.70 

        
Great health Unmatched 0.490 0.761 -25.93*** 0.000 -58.40  

 
Matched 0.490 0.511 -1.18 0.237 -4.40 92.50 

        
Active Unmatched 0.480 0.560 -6.53*** 0.000 -15.90  

 
Matched 0.480 0.485 -0.27 0.784 -0.90 94.10 

        
Eat healthier Unmatched 0.669 0.296 33.40*** 0.000 80.40  

 
Matched 0.669 0.656 0.78 0.433 2.70 96.60 

        
Private insurance Unmatched 0.530 0.634 -8.78*** 0.000 -21.10  

 
Matched 0.530 0.538 -0.45 0.656 -1.60 92.60 

        
Public insurance Unmatched 0.374 0.175 21.37*** 0.000 45.90  

 
Matched 0.374 0.361 0.79 0.429 3.00 93.50 

        
y2005 Unmatched 0.188 0.205 -1.67* 0.094 -4.20 

 
 

Matched 0.188 0.189 -0.02 0.985 -0.10 98.40 

        y2006 Unmatched 0.225 0.205 2.05** 0.040 4.90 
 

 
Matched 0.225 0.223 0.15 0.877 0.50 89.10 

        y2007 Unmatched 0.199 0.187 1.30 0.195 3.10 
 

 
Matched 0.199 0.199 -0.03 0.976 -0.10 96.70 

        y2008 Unmatched 0.214 0.194 2.06** 0.039 4.90 
   Matched 0.214 0.212 0.09 0.925 0.30 93.40 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.4.  Mean Covariate Difference Across Treatment Groups, DDx4 

Treatment: DDx4 - Diabetes and Heart Disease Only 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 67.26 44.13 21.2*** 0.000 147.00  

 
Matched 67.26 58.45 5.73*** 0.000 56.00 61.90 

        
Female Unmatched 0.429 0.540 -3.55*** 0.000 -22.40 

 
 

Matched 0.429 0.462 -0.75 0.455 -6.70 70.30 

        Hispanic Unmatched 0.194 0.226 -1.20 0.231 -7.80  

 
Matched 0.194 0.216 -0.61 0.542 -5.40 30.30 

        
Black Unmatched 0.060 0.158 -4.27*** 0.000 -31.90 

 
 

Matched 0.060 0.097 -1.58 0.114 -12.30 61.30 

        Asian Unmatched 0.052 0.049 0.18 0.855 1.10  

 
Matched 0.052 0.051 0.04 0.972 0.30 71.90 

        
Other race Unmatched 0.020 0.008 1.99** 0.046 9.70 

 
 

Matched 0.020 0.014 0.47 0.637 4.60 52.30 

        MSA Unmatched 0.798 0.832 -1.46 0.144 -8.90  

 
Matched 0.798 0.811 -0.39 0.699 -3.50 60.30 

        
Married Unmatched 0.710 0.590 3.87*** 0.000 25.40 

 
 

Matched 0.710 0.655 1.34 0.180 11.80 53.60 

        Household size Unmatched 2.393 2.980 -5.82*** 0.000 -41.50  

 
Matched 2.393 2.625 -1.92* 0.055 -16.40 60.50 

        
Employed Unmatched 0.294 0.722 -15.14*** 0.000 -94.60 

 
 

Matched 0.294 0.436 -3.34*** 0.001 -31.40 66.80 

        Household income Unmatched 52,638 63,377 -3.29*** 0.001 -21.30  

 
Matched 52,638 54,909 -0.52 0.602 -4.50 78.90 

        HS diploma Unmatched 0.452 0.486 -1.06 0.287 -6.70 
 

 
Matched 0.452 0.461 -0.20 0.844 -1.80 73.90 

        College degree Unmatched 0.258 0.286 -0.99 0.322 -6.30 
 

 
Matched 0.258 0.257 0.02 0.986 0.10 97.60 

 
(Continued on the next page) 
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Table 1.D.4. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx4 

 
Treatment: DDx4 - Diabetes and Heart Disease Only 

 Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.933 0.725 7.37*** 0.000 57.20 

 
 

Matched 0.933 0.846 3.13*** 0.002 24.00 58.10 

        Average health Unmatched 0.333 0.182 6.22*** 0.000 35.10 
 

 
Matched 0.333 0.277 1.38 0.169 13.10 62.70 

        
Great health Unmatched 0.397 0.761 -13.56*** 0.000 -79.40  

 
Matched 0.397 0.512 -2.60** 0.010 -25.00 68.50 

        
Active Unmatched 0.413 0.560 -4.69*** 0.000 -29.70  

 
Matched 0.413 0.457 -1.01 0.312 -9.00 69.50 

        
Eat healthier Unmatched 0.643 0.296 12.05*** 0.000 74.10  

 
Matched 0.643 0.513 2.97*** 0.003 27.70 62.60 

        
Private insurance Unmatched 0.587 0.634 -1.53 0.127 -9.50  

 
Matched 0.587 0.581 0.14 0.885 1.30 86.30 

        
Public insurance Unmatched 0.393 0.175 9.11*** 0.000 49.80  

 
Matched 0.393 0.324 1.62 0.105 15.80 68.30 

        
y2005 Unmatched 0.218 0.205 0.52 0.602 3.20 

 
 

Matched 0.218 0.214 0.11 0.911 1.00 69.00 

        y2006 Unmatched 0.226 0.205 0.82 0.411 5.10 
 

 
Matched 0.226 0.219 0.19 0.853 1.70 67.10 

        y2007 Unmatched 0.167 0.187 -0.82 0.415 -5.30 
 

 
Matched 0.167 0.174 -0.23 0.821 -2.00 62.10 

        y2008 Unmatched 0.171 0.194 -0.93 0.353 -6.00 
   Matched 0.171 0.179 -0.25 0.806 -2.20 64.10 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.5.  Mean Covariate Difference Across Treatment Groups, DDx5 

Treatment: DDx5 - Diabetes, Obese and Hypertension Only 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 57.34 44.13 36.93*** 0.000 87.40  

 
Matched 57.34 56.84 1.34 0.181 3.30 96.20 

        
Female Unmatched 0.613 0.540 7.07*** 0.000 14.90 

 
 

Matched 0.613 0.605 0.57 0.570 1.60 89.00 

        Hispanic Unmatched 0.229 0.226 0.33 0.741 0.70  

 
Matched 0.229 0.225 0.29 0.769 0.90 -24.40 

        
Black Unmatched 0.262 0.158 13.74*** 0.000 25.90 

 
 

Matched 0.262 0.258 0.37 0.711 1.20 95.50 

        Asian Unmatched 0.019 0.049 -6.66*** 0.000 -16.40  

 
Matched 0.019 0.021 -0.38 0.707 -0.80 94.80 

        
Other race Unmatched 0.016 0.008 4.00*** 0.000 7.00 

 
 

Matched 0.016 0.015 0.17 0.869 0.50 92.20 

        MSA Unmatched 0.786 0.832 -5.93*** 0.000 -11.80  

 
Matched 0.786 0.791 -0.43 0.669 -1.30 89.00 

        
Married Unmatched 0.617 0.590 2.64*** 0.008 5.50 

 
 

Matched 0.617 0.614 0.19 0.848 0.60 90.00 

        Household size Unmatched 2.559 2.980 -12.65*** 0.000 -26.70  

 
Matched 2.559 2.566 -0.15 0.880 -0.40 98.40 

        
Employed Unmatched 0.475 0.722 -26.37*** 0.000 -51.90 

 
 

Matched 0.475 0.483 -0.56 0.577 -1.70 96.70 

        Household income Unmatched 47,972 63,377 -14.35*** 0.000 -32.10  

 
Matched 47,972 48,442 -0.37 0.712 -1.00 96.90 

        HS diploma Unmatched 0.484 0.486 -0.23 0.819 -0.50 
 

 
Matched 0.484 0.487 -0.26 0.796 -0.70 -57.70 

        College degree Unmatched 0.199 0.286 -9.35*** 0.000 -20.60 
 

 
Matched 0.199 0.201 -0.19 0.853 -0.50 97.50 

 
(Continued on the next page) 
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Table 1.D.5. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx5 

 
Treatment: DDx5 - Diabetes, Obese and Hypertension Only 

 Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.945 0.725 23.92*** 0.000 62.10 

 
 

Matched 0.945 0.936 1.30 0.193 2.50 95.90 

        Average health Unmatched 0.409 0.182 28.03*** 0.000 51.30 
 

 
Matched 0.409 0.409 0.00 0.997 0.00 100.00 

        
Great health Unmatched 0.342 0.761 -47.16*** 0.000 -92.90  

 
Matched 0.342 0.354 -0.81 0.417 -2.50 97.30 

        
Active Unmatched 0.354 0.560 -19.96*** 0.000 -42.20  

 
Matched 0.354 0.361 -0.50 0.617 -1.40 96.60 

        
Eat healthier Unmatched 0.740 0.296 46.83*** 0.000 99.20  

 
Matched 0.740 0.730 0.76 0.445 2.20 97.80 

        
Private insurance Unmatched 0.534 0.634 -9.93*** 0.000 -20.30  

 
Matched 0.534 0.540 -0.38 0.705 -1.10 94.50 

        
Public insurance Unmatched 0.358 0.175 23.07*** 0.000 42.40  

 
Matched 0.358 0.349 0.65 0.517 2.10 95.10 

        
y2005 Unmatched 0.186 0.205 -2.27** 0.023 -4.80 

 
 

Matched 0.186 0.188 -0.21 0.833 -0.60 87.50 

        y2006 Unmatched 0.215 0.205 1.11 0.266 2.30 
 

 
Matched 0.215 0.213 0.12 0.901 0.40 84.20 

        y2007 Unmatched 0.205 0.187 2.29** 0.022 4.70 
 

 
Matched 0.205 0.203 0.17 0.865 0.50 89.30 

        y2008 Unmatched 0.220 0.194 3.24*** 0.001 6.60 
   Matched 0.220 0.219 0.16 0.870 0.50 92.60 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.6.  Mean Covariate Difference Across Treatment Groups, DDx6 

Treatment: DDx6 - Diabetes, Obese and Heart Disease Only 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 58.99 44.13 12.55*** 0.000 95.40  

 
Matched 58.99 50.23 5.74*** 0.000 56.30 41.00 

        
Female Unmatched 0.542 0.540 0.06 0.956 0.40 

 
 

Matched 0.542 0.536 0.12 0.904 1.20 -208.70 

        Hispanic Unmatched 0.159 0.226 -2.35** 0.019 -17.10  

 
Matched 0.159 0.200 -1.10 0.271 -10.40 39.00 

        
Black Unmatched 0.145 0.158 -0.51 0.610 -3.50 

 
 

Matched 0.145 0.152 -0.22 0.826 -2.10 40.50 

        Asian Unmatched 0.014 0.049 -2.37** 0.018 -20.20  

 
Matched 0.014 0.034 -1.37 0.171 -11.70 42.00 

        
Other race Unmatched 0.014 0.008 0.91 0.365 5.40 

 
 

Matched 0.014 0.011 0.24 0.811 2.50 54.00 

        MSA Unmatched 0.808 0.832 -0.92 0.356 -6.20  

 
Matched 0.808 0.822 -0.35 0.723 -3.50 43.60 

        
Married Unmatched 0.678 0.590 2.60*** 0.009 18.20 

 
 

Matched 0.678 0.623 1.19 0.236 11.40 37.40 

        Household size Unmatched 2.435 2.980 -4.98*** 0.000 -36.80  

 
Matched 2.435 2.740 -2.19** 0.029 -20.60 44.00 

        
Employed Unmatched 0.369 0.722 -11.49*** 0.000 -75.60 

 
 

Matched 0.369 0.548 -3.77*** 0.000 -38.40 49.20 

        Household income Unmatched 48,962 63,377 -4.07*** 0.000 -30.50  

 
Matched 48,962 55,939 -1.58 0.114 -14.80 51.60 

        HS diploma Unmatched 0.533 0.486 1.37 0.171 9.40 
 

 
Matched 0.533 0.508 0.50 0.616 4.90 48.00 

        College degree Unmatched 0.229 0.286 -1.85* 0.064 -13.10 
 

 
Matched 0.229 0.252 -0.56 0.576 -5.30 59.50 

 
(Continued on the next page) 
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Table 1.D.6. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx6 

 
Treatment: DDx6 - Diabetes, Obese and Heart Disease Only 

 Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.935 0.725 6.86*** 0.000 58.00 

 
 

Matched 0.935 0.810 3.92*** 0.000 34.50 40.50 

        Average health Unmatched 0.341 0.182 6.03*** 0.000 36.80 
 

 
Matched 0.341 0.243 2.24** 0.025 22.70 38.30 

        
Great health Unmatched 0.364 0.761 -13.60*** 0.000 -87.20  

 
Matched 0.364 0.565 -4.23*** 0.000 -44.00 49.50 

        
Active Unmatched 0.313 0.560 -7.26*** 0.000 -51.30  

 
Matched 0.313 0.437 -2.66*** 0.008 -25.70 49.80 

        
Eat healthier Unmatched 0.724 0.296 13.72*** 0.000 94.70  

 
Matched 0.724 0.490 5.10*** 0.000 51.90 45.30 

        
Private insurance Unmatched 0.593 0.634 -1.22 0.222 -8.30  

 
Matched 0.593 0.598 -0.09 0.927 -0.90 89.20 

        
Public insurance Unmatched 0.355 0.175 6.95*** 0.000 41.70  

 
Matched 0.355 0.267 1.97** 0.050 20.30 51.40 

        
y2005 Unmatched 0.196 0.205 -0.32 0.752 -2.20 

 
 

Matched 0.196 0.201 -0.13 0.896 -1.30 41.80 

        y2006 Unmatched 0.182 0.205 -0.83 0.405 -5.80 
 

 
Matched 0.182 0.194 -0.30 0.766 -2.80 51.00 

        y2007 Unmatched 0.196 0.187 0.36 0.720 2.40 
 

 
Matched 0.196 0.191 0.13 0.895 1.30 46.90 

        y2008 Unmatched 0.215 0.194 0.78 0.435 5.20 
   Matched 0.215 0.204 0.28 0.782 2.70 48.30 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.7.  Mean Covariate Difference Across Treatment Groups, DDx7 

Treatment: DDx7 - Diabetes, Hypertension and Heart Disease Only 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 69.60 44.13 51.11*** 0.000 175.60  

 
Matched 69.60 68.60 2.06** 0.039 6.90 96.10 

        
Female Unmatched 0.505 0.540 -2.44** 0.015 -7.10 

 
 

Matched 0.505 0.512 -0.33 0.744 -1.30 81.10 

        Hispanic Unmatched 0.156 0.226 -5.81*** 0.000 -17.90  

 
Matched 0.156 0.158 -0.14 0.888 -0.50 97.00 

        
Black Unmatched 0.235 0.158 7.35*** 0.000 19.60 

 
 

Matched 0.235 0.226 0.57 0.571 2.50 87.50 

        Asian Unmatched 0.055 0.049 0.99 0.323 2.80  

 
Matched 0.055 0.053 0.26 0.798 1.10 61.90 

        
Other race Unmatched 0.015 0.008 2.45** 0.014 6.10 

 
 

Matched 0.014 0.013 0.24 0.807 1.10 82.30 

        MSA Unmatched 0.785 0.832 -4.30*** 0.000 -11.90  

 
Matched 0.785 0.787 -0.08 0.940 -0.30 97.30 

        
Married Unmatched 0.586 0.590 -0.31 0.757 -0.90 

 
 

Matched 0.585 0.579 0.33 0.740 1.40 -51.50 

        Household size Unmatched 2.071 2.980 -19.71*** 0.000 -65.20  

 
Matched 2.071 2.100 -0.61 0.544 -2.10 96.80 

        
Employed Unmatched 0.191 0.722 -41.04*** 0.000 -126.00 

 
 

Matched 0.191 0.200 -0.57 0.566 -2.20 98.30 

        Household income Unmatched 40,160 63,377 -15.54*** 0.000 -50.10  

 
Matched 40,194 40,391 -0.12 0.904 -0.40 99.10 

        HS diploma Unmatched 0.451 0.486 -2.40** 0.017 -6.90 
 

 
Matched 0.451 0.457 -0.29 0.773 -1.20 83.10 

        College degree Unmatched 0.191 0.286 -7.26*** 0.000 -22.40 
 

 
Matched 0.192 0.193 -0.06 0.950 -0.20 98.90 

 
(Continued on the next page) 
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Table 1.D.7. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx7 

 
Treatment: DDx7 - Diabetes, Hypertension and Heart Disease Only 

 Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.956 0.725 17.99*** 0.000 66.50 

 
 

Matched 0.956 0.945 1.25 0.211 3.20 95.20 

        Average health Unmatched 0.336 0.182 13.75*** 0.000 35.70 
 

 
Matched 0.336 0.342 -0.31 0.755 -1.40 96.10 

        
Great health Unmatched 0.318 0.761 -35.97*** 0.000 -99.40  

 
Matched 0.318 0.338 -1.05 0.292 -4.50 95.50 

        
Active Unmatched 0.351 0.560 -14.51*** 0.000 -42.70  

 
Matched 0.352 0.362 -0.54 0.588 -2.20 94.90 

        
Eat healthier Unmatched 0.745 0.296 34.06*** 0.000 100.60  

 
Matched 0.745 0.723 1.22 0.222 4.90 95.10 

        
Private insurance Unmatched 0.452 0.634 -13.03*** 0.000 -37.10  

 
Matched 0.452 0.456 -0.20 0.839 -0.80 97.70 

        
Public insurance Unmatched 0.508 0.175 30.27*** 0.000 75.20  

 
Matched 0.509 0.498 0.51 0.610 2.30 96.90 

        
y2005 Unmatched 0.195 0.205 -0.88 0.379 -2.60 

 
 

Matched 0.195 0.196 -0.04 0.969 -0.20 93.90 

        y2006 Unmatched 0.172 0.205 -2.88*** 0.004 -8.60 
 

 
Matched 0.172 0.174 -0.16 0.870 -0.60 92.50 

        y2007 Unmatched 0.200 0.187 1.15 0.250 3.30 
 

 
Matched 0.200 0.200 -0.02 0.983 -0.10 97.40 

        y2008 Unmatched 0.240 0.194 4.05*** 0.000 11.20 
   Matched 0.239 0.235 0.25 0.799 1.10 90.50 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.D.8.  Mean Covariate Difference Across Treatment Groups, DDx8 

Treatment: DDx8 - Diabetes, Obese, Hypertension and Heart Disease 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 63.42 44.13 42.71*** 0.000 133.00  

 
Matched 63.42 62.58 1.95* 0.052 5.80 95.60 

        
Female Unmatched 0.571 0.540 2.39** 0.017 6.30 

 
 

Matched 0.571 0.571 0.04 0.969 0.10 97.80 

        Hispanic Unmatched 0.170 0.226 -5.12*** 0.000 -14.10  

 
Matched 0.170 0.172 -0.16 0.873 -0.60 96.00 

        
Black Unmatched 0.231 0.158 7.65*** 0.000 18.60 

 
 

Matched 0.231 0.224 0.43 0.665 1.70 90.90 

        Asian Unmatched 0.011 0.049 -6.79*** 0.000 -22.60  

 
Matched 0.011 0.013 -0.43 0.664 -1.00 95.50 

        
Other race Unmatched 0.012 0.008 1.31 0.189 3.20 

 
 

Matched 0.012 0.012 -0.18 0.856 -0.70 76.90 

        MSA Unmatched 0.794 0.832 -3.93*** 0.000 -9.90  

 
Matched 0.794 0.792 0.11 0.916 0.40 95.90 

        
Married Unmatched 0.576 0.590 -1.09 0.277 -2.80 

 
 

Matched 0.576 0.573 0.15 0.881 0.60 80.60 

        Household size Unmatched 2.213 2.980 -18.34*** 0.000 -53.90  

 
Matched 2.213 2.236 -0.50 0.619 -1.60 97.00 

        
Employed Unmatched 0.255 0.722 -39.75*** 0.000 -105.70 

 
 

Matched 0.255 0.266 -0.74 0.462 -2.70 97.50 

        Household income Unmatched 37,737 63,377 -18.95*** 0.000 -57.70  

 
Matched 37,737 38,246 -0.38 0.702 -1.10 98.00 

        HS diploma Unmatched 0.481 0.486 -0.35 0.728 -0.90 
 

 
Matched 0.481 0.482 -0.02 0.983 -0.10 91.60 

        College degree Unmatched 0.148 0.286 -11.73*** 0.000 -34.10 
 

 
Matched 0.148 0.148 -0.07 0.947 -0.20 99.40 

 
(Continued on the next page) 
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Table 1.D.8. (continued) Mean Covariate Difference Across Treatment Groups, 
DDx8 

 
Treatment: DDx8 - Diabetes, Obese, Hypertension and Heart Disease 

 Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Usual provider Unmatched 0.960 0.725 20.18*** 0.000 68.10 

 
 

Matched 0.960 0.949 1.43 0.153 3.20 95.30 

        Average health Unmatched 0.360 0.182 17.48*** 0.000 40.80 
 

 
Matched 0.360 0.368 -0.50 0.620 -2.00 95.10 

        
Great health Unmatched 0.210 0.761 -49.38*** 0.000 -132.30  

 
Matched 0.210 0.222 -0.78 0.438 -2.80 97.90 

        
Active Unmatched 0.272 0.560 -22.11*** 0.000 -60.90  

 
Matched 0.272 0.284 -0.70 0.483 -2.50 96.00 

        
Eat healthier Unmatched 0.839 0.296 45.49*** 0.000 131.00  

 
Matched 0.839 0.822 1.24 0.216 4.10 96.90 

        
Private insurance Unmatched 0.448 0.634 -14.73*** 0.000 -38.00  

 
Matched 0.448 0.451 -0.19 0.848 -0.70 98.10 

        
Public insurance Unmatched 0.494 0.175 31.87*** 0.000 71.90  

 
Matched 0.494 0.484 0.54 0.587 2.30 96.90 

        
y2005 Unmatched 0.181 0.205 -2.29** 0.022 -6.10 

 
 

Matched 0.181 0.184 -0.26 0.797 -0.90 84.90 

        y2006 Unmatched 0.200 0.205 -0.46 0.648 -1.20 
 

 
Matched 0.200 0.200 0.03 0.977 0.10 91.20 

        y2007 Unmatched 0.194 0.187 0.74 0.457 1.90 
 

 
Matched 0.194 0.195 -0.08 0.940 -0.30 85.50 

        y2008 Unmatched 0.245 0.194 4.94*** 0.000 12.40 
   Matched 0.245 0.237 0.50 0.614 1.90 84.50 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Appendix 1.E 

ATT by Diabetes Diagnosis Group, All Matching Methods 

 

The estimated ATTs for all expenditure outcomes for each of the diabetes 

diagnosis groups are presented in Tables 1.E.1 to 1.E.8. Comparing across tables, 

several trends are evident. First, for all diabetes comorbidity combinations (DDx1 

through DDx8), estimation via kernel matching produces the largest ATT on all 

types of medical expenditures.  These kernel ATT estimates are further the most 

consistently significant at acceptable levels, with the ATTs on total, prescription 

drug and office-based expenditures significant at the 1 percent level for all 

treatment groups. However, because treatment and control units are not very 

well balanced after kernel matching (see discussion in Appendix 1.D), the kernel 

ATT estimates for all treatment groups do not carry enough support to draw any 

firm conclusions about their magnitudes. 

 Second, for all diabetes comorbidity combinations, the nearest neighbor 

and radius matching results are relatively similar in both magnitude and 

significance. However, the radius ATT estimates are deemed the most 

supportable estimates based upon evaluation of match quality (see Discussion in 

Appendix 1.D). 

 Third, regardless of the presence of other comorbidities and robust to 

matching method, diabetics with heart disease have substantially higher total 

medical expenditures due largely to their considerable increase in hospital 

expenditures. Thus, it appears that heart disease drives expenditures on diabetics 

in a very large and significant way. 
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 Fourth, the ATT on office-based provider expenditures becomes highly 

statistically significant and increases by about 1.5 times in magnitude once a 

diabetic is also diagnosed with hypertension. When heart disease is added to the 

picture, the ATT on this expenditure group then doubles again, regardless of 

matching technique, and the estimates remain highly statistically significant. 

Thus, while diabetics with high blood pressure have more frequent trips to 

office-based providers (general practitioners, endocrinologists, podiatrists, 

ophthalmologists, dieticians, dentists) and likely receive a larger number of and 

more costly services, a heart problem further amplifies this medical service 

usage. 

 Finally, no conclusions can be drawn about the impact of any diabetes 

comorbidity combination on emergency room expenditures. The estimates are 

highly inconsistent, often very small in magnitude and rarely statistically 

significant. While there is anecdotal evidence that the uninsured and certain  

demographics sometimes use ER care in lieu of inaccessible office-based services, 

overall ER use among individuals in this sample is very low. Moreover, the 

specification for predicting ER expenditures does not adequately explain the 

variability in this expenditure (see discussion in Appendix B), thereby pointing 

to the possibility that ER use is driven mainly by unexpected events. 
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Table 1.E.1. ATT on Medical Expenditures for DDx1 

Treatment:  DDx1 - Diabetes  Only, No Co-morbidities 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 816.88** 787.68*** 1,859.34*** 

 (386.07) (326.90) (325.98) 
Prescription Drug 670.96*** 675.67*** 981.75*** 

 (102.62) (94.80) (94.64) 
Hospital 66.11 -23.90 410.12* 

 (296.51) (261.10) (260.47) 
Emergency Room -18.44 -35.38*** -11.63 

 (19.95) (14.67) (14.53) 
Office-Based Provider -85.69 11.05 222.90*** 

 (109.92) (63.41) (62.91) 
Treated N 1,235 1,235 1,235 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 
 

 

Table 1.E.2. ATT on Medical Expenditures for DDx2 

Treatment: DDx2 - Diabetes and Obese Only 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 571.54 1,122.78*** 2,085.62*** 

 (511.85) (372.87) (371.53) 
Prescription Drug 878.35*** 891.67*** 1,200.98*** 

 (154.32) (146.37) (146.19) 
Hospital -370.58 90.33 467.75** 

 (404.55) (259.95) (258.91) 
Emergency Room -82.47*** -42.71*** -11.02 

 (28.67) (18.16) (17.96) 
Office-Based Provider 222.07* 219.25* 437.95*** 

 (166.99) (158.28) (157.95) 
Treated N 941 941 941 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.E.3. ATT on Medical Expenditures for DDx3 

Treatment: DDx3 - Diabetes and Hypertension Only 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 1,756.44*** 1,706.29*** 2,884.48*** 

 (483.35) (439.88) (438.24) 
Prescription Drug 1,067.56*** 1,058.14*** 1,376.86*** 

 (83.79) (74.78) (74.29) 
Hospital 390.26 244.87 723.95** 

 (386.59) (359.02) (357.93) 
Emergency Room -19.60 -1.08 17.5 

 (28.78) (20.41) (20.17) 
Office-Based Provider 332.42** 415.18*** 650.25*** 

 (143.18) (126.21) (125.62) 
Treated N 1,703 1,703 1,703 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 
 
 
 

Table 1.E.4. ATT on Medical Expenditures for DDx4 

Treatment: DDx4 - Diabetes and Heart Disease Only 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 6,956.48*** 8,500.66*** 11,383.71*** 

 (1,775.22) (1,653.93) (1,652.97) 
Prescription Drug 919.73*** 1,427.03*** 2,096.17*** 

 (289.43) (264.59) (264.28) 
Hospital 4,588.60*** 5,253.91*** 6,541.58*** 

 (1,481.51) (1,384.82) (1,384.19) 
Emergency Room 19.68 -8.49 32.78*** 

 (57.95) (52.36) (52.14) 
Office-Based Provider 836.40*** 980.77*** 1,488.36*** 

 (321.60) (288.00) (287.43) 
Treated N 252 252 252 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.E.5. ATT on Medical Expenditures for DDx5 

Treatment: DDx5 - Diabetes, Obese and Hypertension Only 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 1,210.86*** 1,367.73*** 2,200.82*** 

 (352.80) (278.83) (277.07) 
Prescription Drug 1,196.78*** 1,261.64*** 1,493.71*** 

 (83.91) (68.53) (68.16) 
Hospital -380.41* -373.67** -37.74 

 (240.42) (186.38) (184.95) 
Emergency Room -18.01 -24.51* -8.52 

 (23.81) (16.97) (16.76) 
Office-Based Provider 281.11** 436.97*** 609.58*** 

 (161.02) (117.74) (117.31) 
Treated N 2,372 2,372 2,372 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 
 

 

Table 1.E.6. ATT on Medical Expenditures for DDx6 

Treatment: DDx6 - Diabetes, Obese and Heart Disease Only 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 5,707.81*** 7,908.51*** 10,231.60*** 

 (1,514.69) (1,378.09) (1,377.61) 
Prescription Drug 1,452.39*** 2,052.31*** 2,696.95*** 

 (307.24) (269.50) (269.37) 
Hospital 3,245.84*** 3,914.92*** 4,931.81*** 

 (1,257.72) (1,169.48) (1,169.17) 
Emergency Room 150.17* 183.81** 229.98*** 

 (107.86) (79.45) (79.39) 
Office-Based Provider 111.15 769.64*** 1,185.10*** 

 (270.36) (176.89) (176.50) 
Treated N 214 214 214 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 1.E.7. ATT on Medical Expenditures for DDx7 

Treatment: DDx7 - Diabetes, Hypertension and Heart Disease Only 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 6,754.48*** 6,495.05*** 7,999.76*** 

 (738.03) (676.40) (674.71) 
Prescription Drug 1,604.33*** 1,688.75*** 2,076.92*** 

 (135.05) (121.81) (121.33) 
Hospital 3,727.01*** 3,460.33*** 4,117.17*** 

 (619.65) (572.65) (571.57) 
Emergency Room 118.14*** 149.10*** 166.72*** 

 (42.50) (33.97) (33.74) 
Office-Based Provider 1,027.42*** 859.53*** 1,133.19*** 

 (150.94) (138.61) (137.75) 
Treated N 1,211 1,211 1,211 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 
 

 

Table 1.E.8. ATT on Medical Expenditures for DDx8 

Treatment: DDx8 - Diabetes, Obese, Hypertension and Heart Disease 
Outcome: 
Expenditure Type 

Nearest Neighbor 
Matching 

Radius 
Matching 

Kernel 
Matching 

Total 5,623.23*** 6,068.34*** 7,101.51*** 

 (609.62) (501.02) (449.31) 
Prescription Drug 2,048.92*** 2,139.12*** 2,443.09*** 

 (141.08) (120.08) (119.71) 
Hospital 1,913.27*** 2,191.26*** 2,610.02*** 

 (474.82) (387.45) (386.25) 
Emergency Room 47.83 100.80*** 118.07*** 

 (45.58) (26.95) (26.73) 
Office-Based Provider 790.89*** 775.60*** 969.77*** 

 (161.10) (139.81) (139.18) 
Treated N 1,477 1,477 1,477 
Control N 93,951 93,951 93,951 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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CHAPTER 2 

THE INCREASING EFFECT OF DIABETES ON ANNUAL MEDICAL  

EXPENDITURES OVER DISEASE PROGRESSION 

 

2.1 Introduction 

Diabetes is one of the most prevalent chronic conditions in the United States. The 

Centers for Disease Control and Prevention (2011) estimate that in addition to the 

25.8 million Americans affected54 by diabetes, an additional 80 million Americans 

are estimated to have pre-diabetes, a condition that leads to increased risk of 

developing diabetes and diabetes comorbidities. As there is no cure, diabetics 

and prediabetics can only strive to control the progression of their condition 

through proven disease management practices. Duration of diabetes, however, is 

shown to increase disease severity and contribute to the onset of numerous 

comorbidities. 55  Further, increased duration of diabetes is correlated with 

increased hospitalization and other utilization, 56  thereby driving increased 

medical expenditures. 

The goal of this study is thus to measure how the effect of diabetes 

diagnosis on medical expenditures changes as the disease progresses and to do 

so in a way that improves upon the quality of existing estimates. Several studies 

estimate how the medical expenditures of diabetics change over time, both 

relative to diabetics and non-diabetics. However, the methodologies employed 

do not address the issue of selectivity that arises from the unobserved differences 
                                                
54 Includes both individuals who are diagnosed, as well as those who are undiagnosed and thus 
unknowingly living with the condition. 
55 Nathan (1993), Rosebud et al. (2008), Grossi and Genco (1998) and Lemp et al. (1987). 
56 Young et al. (2008). 
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between diabetics and non-diabetics, thereby producing biased estimates. 

Further, the data used are not nationally representative, nor do they accurately 

reflect the true burden to the healthcare system. The current study thus employs 

propensity score matching to reduce selectivity bias, and further estimates the 

change in expenditures incurred by diabetics from the perspectives of both 

disease progression – measured by duration of diabetes – and disease severity – 

measured by diabetes treatment regimen. 

It is estimated that a newly-diagnosed diabetic (duration within about a 

year) incurs expenditures $1,830 higher than an otherwise similar non-diabetic, 

while a diabetic who has lived with the disease for 14 or more years incurs 

expenditures nearly $5,000 higher than a non-diabetic. While prescription drug 

costs of diabetics across all quartiles of duration are substantially higher than 

those of non-diabetics, much of the increase in total expenditures over duration 

results from an increase in hospital expenditures.  

Most notable is the finding that diabetics treated with diet modification 

alone incur annual expenditures $2,544 higher than non-diabetics, while those on 

oral medications only incur annual expenditures $1,550 higher than non-

diabetics. Hospital expenditures of those treated with diet modification are large 

– over $1,200 higher per year than non-diabetics – while those of diabetics on oral 

agents are only $70 higher than non-diabetics. Thus, while prescription drug 

expenditures of diabetics on an oral medication regimen are necessarily higher 

than those of diabetics treated with diet modification only, the latter demonstrate 

substantially reduced hospital utilization and overall expenditure. Although 

assessment of the effect of diabetes treatment regimen on clinical outcomes and 
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health status is outside the scope of this analysis, insofar as utilization and 

expenditure are indicative of the need for medical services,57 these findings are 

preliminary evidence of the success of oral agent regimens in reducing medical 

service utilization – particularly hospital admissions – and in improving health 

outcomes. 

 
 
2.2 Literature Review 
 
There are several studies that estimate the difference in medical expenditures 

incurred by diabetics relative to non-diabetics.58 These studies use a variety of 

data sources, measures of utilization, control factors and methodologies. They 

further render a wide range of estimates that are not directly comparable across 

studies. However, there are less than a handful of studies59 that track how this 

differential changes over time. 

Brown, Glauber, Nichols and Bakst (1999a) estimate the diabetes 

expenditure differential for the first 8 years after diagnosis for 8 cohorts of 

diabetics. They identify all diagnosed type 2 diabetics and their duration of 

diabetes using the electronic records of members of Kaiser Permanente 

Northwest Division (KPNW), a large health maintenance organization. They 

employ a simple matching methodology, whereby each diabetic is matched with 

                                                
57 Office-based provider expenditure may or may not be indicative of the need for medical 
services, as some individuals may select not to receive routine, preventive or maintenance care. 
However, it is argued that hospital expenditure is indicative of need. Inpatient expenditure, 
which, in this data, comprises more than 75 percent of total hospital expenditure for the average 
individual, signals that an individual’s need for medical services is immediate and intensive so as 
to require a hospital admission and overnight stay. 
58 Rubin et al. (1994), Brown, Pedula & Bakst (1999b), Nichols & Brown (2002) and Gilmer et al. 
(2005). 
59 Known to the author. 
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a randomly-selected non-diabetic based on sex, age and duration of current 

health plan membership in an attempt to control for medical care usage in the 

absence of a diabetes diagnosis. Brown et al. (1999a) first sum all costs incurred 

by diabetics in each year following diagnosis, then subtract from this the 

aggregate annual costs incurred by the matched control group of non-diabetics. 

This renders what they call the aggregate “net incremental cost,” which is then 

divided by the number of identified diabetics to obtain a per-person average 

annual differential.  

  Brown et al. (1999a) find that on average over the 8 years following 

diagnosis, diabetics incur costs $2,257 higher than non-diabetics. The cost 

differential is large the first year following diagnosis, when newly-diagnosed 

diabetics incur costs $2,392 higher than matched non-diabetics. It drops in the 

second year after diagnosis, and reaches a trough in the third year at $1,707. 

After the third year, however, the cost differential demonstrates an increasing 

trend, reaching a high of $2,817 in year 8. Brown et al. (1999a) also estimate the 

diabetes cost differential by type of service. Inpatient and outpatient costs 

demonstrate similar U-shaped patterns following diagnosis, starting at $1,243 

and $661 dollars higher than non-diabetics, respectively, in the first year after 

diagnosis, bottom-out at $668 and $480, respectively, and then rise relatively 

continuously to peaks of $1,375 and $684, respectively, in year 8. Prescription 

drugs, however, are not found to demonstrate a U-shaped trajectory over time; 

they instead continuously increase from $488 to $758 relative to non-diabetics 

over the 8-year post-diagnosis period. 
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There are several key limitations of these estimates. First, Brown et al. 

(1999a) control for only three factors to account for expenditures that diabetics 

would have otherwise incurred in the absence of a diabetes diagnosis, thereby 

excluding other individual characteristics that affect healthcare utilization. 

Second, Brown et al. (1999a) do not account for selection among individuals to 

seek medical services. While their data likely suffer less from selection bias than 

nationally-representative survey data, their results are still subject to selection 

insofar as individuals continue to seek medical care after receiving an initial 

diagnosis. Third, the findings of Brown et al. (1999a) are not representative of the 

U.S. population. While the variations of behavioral characteristics and other 

environmental influences are likely minimized by using a regional, nearly 

identically-insured sample, thereby limiting the extent of unobserved 

heterogeneity, their estimates cannot be applied to project costs of individuals in 

other regions. Finally, and most importantly, because the perspective of Brown et 

al. (1999a) is that of the private insurer, their estimates do not reflect 

expenditures or payments made by any other payers. Their cost estimate is 

essentially a production price, as unit costs per service are estimated using 

Kaiser’s in-house pricing schedule based on salaries, clinician type, minutes per 

visit, overhead cost, etc. Their estimates are thus not reflective of the average 

diabetic, and further do not reflect the various payment and reimbursement 

schemes that affect payer expenditure.  

 Employing a pooled cross-section of the 2000-2004 Medical Expenditure 

Panel Survey (MEPS), Trogdon and Hylands (2008) are the first to estimate a 

nationally representative diabetes expenditure differential over time after 
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diagnosis. Employing a generalized linear model (GLM) with a log-link and 

gamma-variance functions to “normalize” the skewed expenditure variation, 

they control for nearly the same demographic and co-morbid conditions 

included in the current study with the exception of behavioral factors. Their 

covariate of interest, however, is time since diagnosis. 

Trogdon and Hylands (2008) find that the average diabetic incurs 

expenditures 219 percent higher than the average non-diabetic after controlling 

for diabetes co-morbidities. Like Brown et al. (1999a), they also find a u-shaped 

trajectory of the expenditure differential as duration of disease increases. Their 

marginal effects suggest that each additional year of living with diabetes 

increases total annual medical expenditures between $75 and $158. Using the 

same model with prescription drug expenditures, Trogdon and Hylands (2008) 

estimate that each additional year increases drug expenditures by about $50 

controlling for comorbidities. They do not, however, find evidence of a spike in 

expenditures shortly after diagnosis.  While Trogdon and Hylands (2008) employ 

nationally representative expenditure data their model fails to account for 

selectivity bias. 

Instead of estimating the expenditure differential between diabetics and 

non-diabetics, Brandle et al. (2003) employ administrative records and survey 

data for a sample of 1,364 type 2 diabetics who have health insurance coverage 

from a large Michigan HMO. They employ simple OLS and regress the log of 

costs incurred by the health system (based on contracted reimbursements) on 

diabetes, and diabetes treatment regimen indicators, key demographic 
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variables60 and numerous diabetes co-morbidities.61  They re-transform their 

logged coefficients back into dollars in terms of multipliers, and express the 

impact of each covariate as a multiplicative factor applied to costs incurred by 

their base diabetic group. Brandle et al. (2003) estimate a cost factor of 1.1 for oral 

medications and 1.59 for those treated with insulin. These estimates indicate that 

an obese male without any comorbidities who is treated with oral medications 

(insulin) incurs costs about $1,850 ($2,680) higher per year than an identical male 

treated through diet modification and/or exercise alone. However, application of 

these findings – like those of Brown et al. (1999a) – is limited in that costs 

incurred by a private service provider for an identically-insured sample are not 

nationally representative of actual expenditures made by all payers.  

The current study contributes to the scant literature in two key ways. First, 

it improves upon the quality of existing estimates by addressing the issue of 

selectivity caused not only by individuals’ decision to seek medical care (and 

thus be diagnosed), but also the increased likelihood of certain individuals to be 

diabetic. To do this, propensity score matching techniques are employed. Second, 

this is the first study62 to explore the time path of nationally representative 

expenditures by service type incurred by diabetics relative to non-diabetics, and 

it does so from two different, but related, perspectives: disease duration and 

disease severity. These estimates, in combination with each other, can thus be 

used to trace the effect of diabetes on medical expenditures relative to non-

diabetics as the disease progresses.  
                                                
60 Age, sex, race, education and income. 
61 Body mass index, and status indicators for retinopathy, nephropathy, neuropathy, all forms of 
hear disease, hypertension and high cholesterol. 
62 Known to the author. 
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2.3 Diabetes Epidemiology and Treatment Regimens 
 
Diabetes is a chronic disease whereby the body has difficulty producing or using 

insulin, a hormone required to convert glucose in the bloodstream into energy 

used by the body. As such, diabetics have blood glucose that exceeds healthy 

levels and triggers numerous comorbid complications.63 Type 1 diabetics fail to 

produce insulin altogether, therefore the only treatment regimen available is 

constant insulin injection through a pump. However, there are numerous 

regimens and combinations of regimens available to manage type 2 diabetes. It is 

not possible to determine type of diabetes in either the MEPS or the NHIS. 

However, because the Centers for Disease Prevention and Control (2008a) 

estimate that only about 5 to 10 percent of diabetics have type 1, and because 

both surveys are nationally representative in their sampling frameworks, it is 

assumed that most diabetics in the data employed are affected by type 2. The 

following discussion thus focuses on type 2 diabetics. 

Type 2 diabetics generally suffer from both impaired insulin secretion and 

impaired insulin resistance. Gerich and Dailey (2004) note that the results of 

many diabetes treatment studies conclude that impaired insulin secretion is most 

likely the result of genetics. Insulin resistance, on the other hand, is largely an 

acquired condition resulting from obesity. Because obesity is often a result of 

behavioral and environmental characteristics, the oldest and first-line treatment 

regimen prescribed to newly-diagnosed diabetics was a combination of diet 

modification and exercise. Reduction in the consumption of high-fat and high-

cholesterol foods, as well as increased fiber intake – demonstrated by Jenkins and 

                                                
63 Nathan (1993). 
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Jenkins (1995) to help slow the absorption of carbohydrates, the main drivers of 

increased glucose levels after meals – contribute to reduced blood glucose levels 

and better diabetes management. In the early days of diabetes treatment and 

management, it was only upon failure of this regimen64 to stabilize and maintain 

blood glucose levels that secondary regimens were explored. However, although 

diet modification is a proven treatment preventing both onset and progression of 

diabetes,65 and while it is highly promoted as part of disease management and 

prevention programs among diabetics and prediabetics, there are several reasons 

why it is not typically prescribed as a stand-alone treatment regimen. 

 First, a treatment regimen for any illness is only effective insofar as 

patients comply with the prescription. Because diet modification and increasing 

exercise are significant behavioral changes, and because they must be maintained 

indefinitely to control blood glucose levels, compliance and maintained 

compliance among diabetics is a concern. There are numerous randomized 

control trials (RCTs) demonstrating positive compliance among diabetics 

regarding diet modification,66 and some evidence of compliance with regard to 

increased exercise.67 However, not all patients are induced to change either 

behavior, 68  and as such, alternative regimens are often pursued. Second, 

development of antidiabetic pharmaceuticals over the past several decades has 

led to the discovery of many hypoglycemic (or, antihyperglycemic) agents that 

                                                
64 Either due to disease progression and, therefore, growing inefficacy of diet management and 
exercise to impart positive outcomes on glucose levels, or due to lack of patient compliance. 
65 Wing et al. (2001). 
66 Wheeler et al. (1985), Turner et al. (1992), Hanefeld et al. (1991), de Bont et al. (1981), Glasgow 
and Hampson (1996), Glasgow et al. (1997), Uusitupa (1996) and Mengham et al. (1999). 
67 Hanefeld et al. (1991) and Glasgow et al. (1992). 
68 Perry et al. (1997), Uusitupa (1996), Agurs-Collins et al. (1997) and Wing et al. (1985). 
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have proven highly successful in maintaining lower blood glucose levels and 

thus slowing diabetes progression.69 Third, it is possible that lack of access to 

proper resources, a lack of education about proper nutrition or competing views 

about what constitutes proper nutrition prevents diabetics from adopting 

modified behaviors. Because a treatment regimen of diet modification and 

exercise represents a substantial lifestyle change for many diabetics, it is 

imperative that diabetics have both geographical and financial access to 

nutritional and disease management specialists. Moreover, it is important for 

physicians and dietitians to provide constant nutritional and behavioral 

counseling and to follow up with their patients regularly. However, Rendell 

(2004) highlights the failure of reimbursement authorities to compensate 

providers for their behavioral advisement efforts, thereby possibly deterring 

providers from offering these services.  

 Although diet modification and increased exercise are part of all diabetes 

(and diabetes-related comorbidity) management and prevention programs, most 

diagnosed diabetics immediately begin a regimen of oral medication. The 

American Diabetes Association (2009) identifies six classes of agents that help to 

reduce glucose levels in one of three ways. Biguanides and thiazolidinedeons 

(TZDs) are insulin sensitizers that increase insulin sensitivity so that glucose is 

absorbed faster in muscles, and also reduce glucose production in the liver. 

Sulfonylureas and meglitinides are secretagogues prescribed to stimulate insulin 

production in beta cells. And finally, alpha-glucosidase inhibitors and DPP-4 

inhibitors slow the breakdown of starches and some sugars, thereby constraining 

                                                
69 Rendell (2004). 
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the increase in glucose levels after eating. Depending on a diabetic’s clinical 

outcomes (blood glucose level, beta cell production, insulin sensitivity, etc.) the 

appropriate treatment regime may include one, several, or all of the above 

classes of oral agents. Alexander, Sehgal, Moloney and Stafford (2008) estimate 

that the mean number of diabetes oral medications per treated diabetic increased 

from 1.16 in 1994 to 1.63 in 2007. Over this same period, monotherapy – 

treatment with a single agent – decreased from 82 percent of patient in 1994 visits 

to 47 percent by 2007.  

Bell (2004) describes how initial treatment upon diabetes diagnosis has 

shifted from secretagogues and inhibitors to insulin sensitizers, as the latter also 

reduce cardiac risk factors in addition to lowering blood glucose levels. Although 

he makes a case for initial combination therapy consisting of both a biguanide 

and a TZD for various clinical reasons, he highlights that even if a monotherapy 

is initially prescribed, there comes a point when the body fails to respond to that 

treatment and a second oral agent must be added in combination anyway. Over 

time, a triple oral therapy is often necessary, and in more advanced states of the 

disease, insulin injects are added to the treatment regimen. While this is only one 

of many possible combinations and courses of oral agent treatment, physicians 

appear to be treating diabetes more aggressively. However, despite the wide 

range of physician practices regarding diabetes treatment and management, and 

despite incongruencies across treatment plans, all regimens nonetheless consist 

of oral medication of some form starting at the time of diagnosis and over the 

course of disease progression. 
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 Type 2 diabetics advance to insulin treatment 70  once oral agents 

prescribed in combination fail. The UK Prospective Diabetes Study Group (1995) 

finds that, on average, insulin-treated diabetics have about 50 percent reduction 

in beta cell function (i.e., insulin production) at time of diagnosis and lose about 

4 percent of remaining function per year regardless of treatment regimen. 

However, disease progression is highly individual-specific and there is no 

“average time since diagnosis” that insulin treatment is adopted. Insulin users 

are nonetheless individuals with more advanced stages of diabetes than diabetics 

treated with oral agents. 

 

2.4 Data and Empirical Strategy 

2.4.1 Data Sources 
  

This study employs a pooled cross-section from the 2000 to 200871 Medical 

Expenditure Panel Survey (MEPS). The MEPS – administered by the Agency for 

Healthcare Research and Quality (AHRQ) – surveys individuals and families 

drawn from the nationally representative sampling framework of the National 

Health Interview Survey (NHIS), which is conducted by the Centers for Disease 

Control and Prevention (CDC). AHRQ collects data from individuals in each 

panel through a series of five rounds over a two-year period. The Household 

Component of the MEPS contains information on demographics, employment, 

                                                
70 Usually in combination with oral agents. 
71 This nine-year period was selected for the following reasons: 1) 2008 is currently the most 
recent year for which MEPS consolidated full-year data are available (2009 data will be released 
in November 2011); 2) starting in 2000, several key variables, including those regarding diabetes 
and race/ethnicity, are defined differently than in previous survey years; 3) pooling many survey 
years afforded a sufficiently large sample of diabetics with full duration, treatment regimen and 
covariate data to split into sub-samples. 
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health status, medical conditions, insurance coverage and medical service usage. 

AHRQ obtains the permission of all surveyed individuals to contact all 

employers, medical service providers and health insurers to validate the self-

reported data. This is a unique and valuable feature of the MEPS because 

individuals may not precisely recall or may fail to report some information that 

can be more accurately provided by the other three sources. The MEPS dataset is 

therefore of higher quality than other national health surveys that contain only 

self-reported data and likely suffers from a smaller degree of measurement error. 

Because the MEPS sample is drawn from the NHIS sampling framework, 

it is possible to link MEPS respondents to their NHIS data via a crosswalk file 

provided by AHRQ. While the MEPS contains more detailed expenditure and 

utilization data, the NHIS contains more detailed health status and health 

condition. The pooled MEPS cross-section is therefore linked to the NHIS to 

obtain age at diabetes diagnosis among diabetics in the MEPS sample. NHIS 

respondents who are selected for the MEPS remain in the MEPS for a period of 

two calendar years. As such, the 2000 to 2008 pooled MEPS cross-section is 

linked to the 1998 to 2007 NHIS.  

 

2.4.2 Diabetes Diagnosis and Duration of Diabetes 

Diabetes diagnosis information was consistent across surveys for approximately 

96 percent (84,159/87,292) of matched MEPS observations. For the remaining 4 

percent of matched observations, diabetes diagnosis and duration of diabetes are 

handled in the following ways. 



 124 

Observations indicating a diabetes diagnosis in the MEPS but a lack of 

diagnosis in the NHIS are assumed to be newly-diagnosed diabetics, who 

received a diagnosis in between surveys.72 These new cases account for 2,245 of 

the diabetic observations and imply a two-year incidence rate of 2.57 percent 

among the entire merged sample. The Centers for Disease Control and 

Prevention (2008b) estimate an annual incidence rate of 0.91 percent, which, to 

make it comparable to the current study, is a 1.8 percent two-year incidence rate 

from 2005 to 2007. The rates differ for several reasons. First, the CDC rate is age-

adjusted, whereas that for the current data is crude. Second, the CDC estimate is 

based on data provided by only 33 states, whereas the NHIS and MEPS sample 

all 50 states. Third, the CDC estimate is computed using the Behavioral Risk 

Factor Surveillance System (BRFSS), a state-administered survey operated by the 

CDC. Finally, the definition of “newly incident” cases used by the CDC in 

calculating its estimate is all diabetics whose disease duration is zero, plus one 

half of the cases with duration of one year. This last reason is likely the biggest 

source of difference in the estimates. Because the maximum time that passes 

between the end of NHIS participation and the start of MEPS participation, these 

newly-diagnosed diabetics have a diabetes duration of less than two years. A 

random number between zero and two was generated and assigned to each 

                                                
72 It is possible that some diabetic cases in the MEPS are erroneously reported, which could 
thereby bias our results. However, given the implied relatively realistic incidence rate, and that 
this is done in other studies, such as Trogdon and Hylands (2008), we find this a viable method. 
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observation as a duration value.73 Thus, the current sample has, by construction, 

more incident cases. 

Observations in the MEPS that report not having a diabetes diagnosis are 

recoded as diabetic if they indicated a diabetes diagnosis in the NHIS and had a 

valid age at diagnosis recorded. This recode applied to 587 observations is the 

only recode applied to the MEPS diagnosis information. Finally, there is an 

inconsequential number of observations (8) that have a diabetes diagnosis in the 

MEPS but are missing diagnosis data in the NHIS. These observations are 

dropped from the sample. 

 

2.4.3 Diabetes Progression 

Diabetes progression is defined in two ways: by duration of disease (i.e., length 

of time since initial diagnosis) and by self-reported diabetes treatment regimen. 

Because diabetes progression is individual-specific depending on various factors, 

such as genetic history, behavioral characteristics, frequency of visits to the 

doctor, severity at diagnosis, efficacy of prescribed treatment, etc., there are no 

established break points in disease duration associated with specific 

“milestones” in diabetes severity. For example, it cannot be said that diabetics 

generally develop some form of heart disease after having diabetes for 5 years, or 

tend to require hemodialysis after 15 years, or typically begin insulin injections 

after 10 years. Therefore, the diabetic sample is first divided by quartile to 

generate four disease duration ranges over which expenditures are expected to 
                                                
73 Assignment of the same duration value (i.e., one year or two years) to all incident cases yielded 
a glut of diabetics with duration of the exact same value, and thereby made splitting the diabetic 
sample into quartiles by duration impossible. The random number assignment provided enough 
variability over the zero- to two-year duration range that allowed for splitting by quartile. 
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increase. Table 2.1 describes the 2000-2008 pooled MEPS sample by diabetes 

diagnosis and by diabetes duration quartile. 

 

Table 2.1. Diabetic Observations, by Duration Quartile 

Duration 
Quartile Diabetes Duration Sample Size % Diabetics / 

% Sample 
I 0 to <1.06 years 1,845 2.74% 
II 1.06 to 4 years 1,881 2.79% 
III 5 years to 13 years 1,926 2.86% 
IV 14+ years 1,727 2.56% 
  All Diabetics 7,379 10.96% 

 Non-Diabetics 59,969 89.04% 
  Total Sample Size 67,348   

 
Note: The value 1.06 results from the random number generation process used to assign newly-
incident diabetes cases a duration value between 0 and 2 years. 
 

It is assumed that duration of diabetes is generally correlated with disease 

severity, and that longer duration implies higher utilization and expenditure.  

 

Figure 2.1. Annual Medical Expenditures, by Diabetes Duration Quartile 
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Figure 2.1 illustrates mean annual expenditure by service type across the four 

treatment groups – diabetics by duration quartile – relative to the non-diabetic 

control group. Based on the observed data, there is a consistent increasing trend 

in most expenditure types and in total expenditures as duration increases. 

The diabetic sample is alternatively separated into 3 groups by diabetes 

treatment regimen.74 On an ordinal scale, diabetics treated with diet modification 

might be interpreted to be the relatively “healthiest” diabetics, as composed to 

those treated with oral medication or insulin, as their disease severity has not 

required more intensive treatment. However, these diabetics would only be the 

healthiest among the diabetic sample insofar as the reported regimen is the 

conscious prescription by a medical professional in direct response to observed 

clinical outcomes. If the diet modification regimen results due to the individual’s 

failure to visit a health professional as the disease worsens and subsequently be 

assigned an alternative regimen that include oral agents or insulin, or due to the 

individual’s failure to comply with an oral agent or insulin regimen, then the 

assumption of diet only-treated diabetics as the healthiest is not supported. Thus, 

while it is assumed that diabetics on an insulin regimen suffer from a more 

progressed and severe stage of diabetes than those on an oral regimen, we 

cannot, without further information, assume that the diabetics in the sample on a 

diet regimen are truly on the healthier end of the severity spectrum. Table 2.2 

presents the diabetic sample by treatment regimen.75 

                                                
74 Hereafter referred to as “regimen” to prevent confusion with the term “treatment,” which is 
used to denote the treatment group. 
75 The total number of diabetics by treatment regimen is different than that by duration quartile, 
as some observations with duration information are missing treatment regimen information. 
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Table 2.2. Diabetic Observations, by Diabetes Treatment Regimen 

Treatment Regimen Sample Size % Diabetics /  
% Sample 

Diet Modification 631 10.42% 
Oral Medication 3,742 61.79% 

Insulin 1,683 27.79% 
  All Diabetics 6,056 9.17% 

 Non-Diabetics 59,969 90.83% 
  Total Sample Size 66,025   

 
Note: Diabetics in the diet modification category are treated exclusively via diet modification. 
Diabetics in the oral medication category may be treated with a combination of oral medication 
and diet modification, however they do not take insulin. Diabetics in the insulin treatment 
category may be on a regimen that combines all three. 

 

Only about 10 percent of the diabetic sample is treated with diet 

modification only.76 For reasons provided in the previous section, it is becoming 

increasingly less common for diabetics to be treated through behavioral 

modification alone. Majority of the diabetics are on an oral agent, while just 

under a third are on insulin therapy. Figure 2.2 illustrates average expenditure 

by treatment regimen. While there is clearly increased expenditure among 

insulin users, diabetics being treated with diet modification and oral medication 

appear to have similar expenditure patterns. Diabetics in all groups, however, 

demonstrate a substantial amount of increased expenditure relative to non-

diabetics. 

 

 

 

 

                                                                                                                                            
Further, an inconsequential number of diabetics who report none of the three treatments are 
dropped. 
76 This compares to 5 percent of the sample in Brandle et al. (2003). 
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Figure 2.2. Annual Medical Expenditures, by Treatment Regimen 
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duration and diabetics by regimen). Tables 2.4 and 2.5 illustrate the mean 

differences in covariates between the non-diabetic control group and each 
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old, while the average “healthy” diabetic – those in the first duration quartile and 

those being treated by diet – is more than 10 years older. Household income 

generally decreases with diabetes severity in terms of both measures, however, 

this is likely correlated with age. A larger share of non-diabetics live in major 

cities and have a high school diploma compared to diabetics in the sample. A 
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Table 2.3. Variable Description 

Variable Description 
Outcome Variables  
     Total Expenditure Total annual medical expenditure summed over all payers 
     Rx Drug Expenditure Annual prescription drug expenditure 
     Hospital Expenditure Annual hospital inpatient and outpatient expenditure 
     ER Expenditure Annual emergency room expenditure 
     OB Expenditure Annual office-based provider expenditure 
Treatment Variable  
     Diabetes* Ever received a diabetes diagnosis from a medical professional 
Covariates  
     Age Age at end of year 
     Female* Female 
     Hispanic* Hispanic ethnicity, may be any race 
     Black* Black, not Hispanic, may be mixed race 
     White*† Caucasian, not Hispanic, black or Asian, may be other mixed race 
     Other race* All other races, including Asian not Hispanic, black, or Caucasian 
     Household size Number of people living in home 
     MSA* Lived in a metropolitan statistical area any time during year 
     Household income Total household income during year 
     High school 
diploma* Completed high school 

     Usual provider* Has a usual healthcare provider 

     Great health* Minimum health status during year was good, very good or 
excellent 

     Active* Moderate or vigorous physical activity ≥ 3 times per week 
     Eat healthier* Advised by a doctor to eat less fatty foods 

     Private insurance* Covered by private insurance any time during year, including 
Tricare 

     Public insurance* Covered only by Medicaid and/or Medicare during year (no 
private) 

     Uninsured*† No insurance coverage of any kind for the entire year 
     Obese* Body mass index (BMI) ≥ 30 
     Hypertension* Ever diagnosed with high blood pressure 
     Heart problem* Ever diagnosed with heart disease or had a stroke 
     y2004*† Observation is in 2004 MEPS sample 
     y2005* Observation is in 2005 MEPS sample 
     y2006* Observation is in 2006 MEPS sample 
     y2007* Observation is in 2007 MEPS sample 
     y2008* Observation is in 2008 MEPS sample 

 
* Dummy variable. 
† Benchmark group 
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Table 2.4. Covariate Means when Treatment is Duration Quartile 

  Non- 
diabetics 

Treatment Group: Diabetics, by Duration Quartile 

 I II III IV 
Covariate N = 59,969 N = 1,845 N = 1,881 N = 1,926 N = 1,727 
Age 48.027 59.153 59.519 62.611 66.383 

      
Female 0.548 0.575 0.521 0.538 0.572 

      
Hispanic 0.099 0.117 0.118 0.106 0.099 

      
Black 0.112 0.152 0.147 0.185 0.173 

      
Other race 0.045 0.040 0.037 0.042 0.028 

      
White 0.744 0.690 0.698 0.667 0.700 

      
MSA 0.832 0.783 0.793 0.771 0.766 

      
Household size 2.300 2.060 2.038 1.896 1.884 

      
Household income $61,866 $45,730 $46,441 $44,184 $42,820 

      High school 
diploma 0.870 0.748 0.760 0.748 0.718 

      
Usual provider 0.782 0.923 0.929 0.941 0.961 

      
Good health 0.944 0.797 0.770 0.735 0.699 

      
Active 0.587 0.429 0.425 0.391 0.362 

      
Eat healthier 0.320 0.712 0.725 0.685 0.679 

      
Private insurance 0.727 0.613 0.639 0.566 0.543 

      
Public insurance 0.148 0.317 0.294 0.373 0.417 

 	       
Uninsured 0.125 0.070 0.067 0.061 0.040 

      
Obese 0.249 0.520 0.537 0.534 0.441 

      
Hypertension 0.276 0.688 0.714 0.741 0.774 

      
Heart problem 0.150 0.330 0.351 0.411 0.559 
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Table 2.5. Covariate Means when Treatment is Regimen 

  Non- 
diabetics 

Treatment Group: Diabetics, by Regimen 

 Diet Modification Oral Medication Insulin 
Covariate N = 59,969  N = 631 N = 3,742 N =1,683  
Age 48.027 59.347 63.616 61.066 

     
Female 0.548 0.588 0.548 0.544 

     
Hispanic 0.099 0.097 0.112 0.087 

     
Black 0.112 0.127 0.145 0.205 

     
Other race 0.045 0.051 0.035 0.017 

     
White 0.744 0.726 0.708 0.690 

     
MSA 0.832 0.795 0.763 0.767 

     
Household size 2.300 1.955 1.916 1.934 

     
Household income $61,866 $48,444 $44,104 $43,478 

     High school 
diploma 0.870 0.780 0.728 0.757 

     
Usual provider 0.782 0.911 0.957 0.955 

     
Good health 0.944 0.806 0.787 0.619 

     
Active 0.587 0.475 0.415 0.332 

     
Eat healthier 0.320 0.726 0.732 0.720 

     
Private insurance 0.727 0.603 0.609 0.564 

     
Public insurance 0.148 0.318 0.343 0.391 

     
Uninsured 0.125 0.079 0.048 0.045 

     
Obese 0.249 0.450 0.529 0.562 

     
Hypertension 0.276 0.664 0.762 0.753 

     
Heart problem 0.150 0.390 0.388 0.517 
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in better health and being more active, while diabetics have higher rates of 

comorbidities and public insurance and report being advised to eat healthier. 

 

2.4.5 Empirical Strategy 

This study employs propensity score matching (PSM) methodologies to reduce 

the selection bias that hampers existing estimates of the diabetes expenditure 

differential. Matching techniques in general are often used in policy evaluation,77 

program evaluation,78 and medical treatment evaluation,79 where two problems 

arise. The first is the treatment evaluation problem, whereby only one outcome is 

observed for each individual based on treatment participation. In the current 

analysis, treatment is first defined as diabetes diagnosis by duration quartile. 

Thus, there are four treatment groups for whom expenditures are compared 

against those of a control group consisting of all non-diabetics. In this way, the 

increased expenditure of diabetics relative to non-diabetics can be traced over the 

four duration rations. Then, treatment is defined as diabetes diagnosis by 

treatment regimen. In this case, the expenditures of diabetics in each of the three 

regimen groups are compared to those of the non-diabetic control group, and the 

effect of diabetes on expenditures can be traced over severity of the disease. 

Using notation from and following the discussion of Heckman, Ichimura 

and Todd (1998), let D represent the group to which an individual belongs. D = 1 

if the individual is diabetic and falls into the respective duration quartile or 

treatment regimen, and D = 0 if the individual is non-diabetic. Let (Y0, Y1) be the 

                                                
77 E.g., Lechner (2002a). 
78 E.g., Heckman, Ichimura and Todd (1997). 
79 Vikram, Buenconsejo, Hasbun and Quagliarello (2003). 
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expenditure outcomes associated with individuals in each treatment group. The 

treatment effect for each individual is the change in expenditure after receiving a 

diabetes diagnosis: ∆ = Y1–Y0. However, as demonstrated in Figure 2.1, only one 

expenditure outcome per individual in the sample is observed: 

Y = DY1 + (1–D)Y0.  

 

Figure 2.3. Outcomes of Treatment and Control Groups 
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 The parameter of interest in this and most treatment evaluation studies is 

the average treatment effect on the treated (ATT) for individuals with 

characteristics X, given by  

                 τATT = E(Y1–Y0| D = 1, X) = E(Y1|D = 1, X) – E(Y0|D = 1, X)  .             (2.1) 
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 The first term on the right side of the equality can be estimated from the 

available data, as Y1 is observed for diabetics. However, second term cannot be 

directly estimated because Y0 – the level of expenditure they would have 

incurred without a diabetes diagnosis – is unobserved. E(Y0|D = 1, X)  must 

therefore be “recovered” from E(Y0|D = 0, X), the observed expenditures of non-

diabetics, and herein lies the second problem that arises with any treatment 

evaluation – selection bias. If treatment assignment is truly randomized, then 

selection bias does not result. However, in many program evaluations, including 

the current analysis, and with observational studies, treatment is a participation 

decision made by the individual. Thus, the selection bias results because it is 

very likely that the expenditures of diabetics would systematically differ from 

those of non-diabetics even in the absence of a diabetes diagnosis (treatment). In 

other words, the same characteristics that cause individuals to have diabetes and 

be diagnosed would also affect their level of medical expenditures even without 

the diagnosis. The selection bias can thus be written as 

 

  E(Y1|D = 1) – E(Y0|D = 0) = τATT + E(Y0|D = 1) – E(Y0|D = 0),              (2.2) 

 

and the ATT is only identified if two assumptions hold: 

 

            (Y0 , Y1) ⊥ D | X       and                                              (2.3) 

  

0 < Pr (D = 1 | X) < 1  .                         (2.4) 
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The conditional independence assumption (CIA) given by (2.3), also 

referred to as “unconfoundedness,” is a very strong assumption, requiring that 

all variables that simultaneously influence treatment assignment and the 

outcome must be observed by the researcher and included in X. In the current 

setting, treatment is defined as a combination of events: diabetes diagnosis and 

duration of disease; and diabetes diagnosis and regimen. An individual’s level of 

expenditure must be observed and included to remove the selection bias and 

perfectly identify the ATT. The overlap assumption, given by (2.4), requires that 

individuals with the same values of X have a positive probability of being 

diabetic (and in a particular duration quartile or receiving a particular treatment 

regimen) and non-diabetic. In other words, a given set of values for X cannot 

perfectly predict treatment or lack of treatment. 80  

In many treatment evaluations, X may contain a large number of 

variables, making it very difficult to satisfy the CIA and identify the ATT. Thus, 

Rosenbaum and Rubin (1983) suggest the use of balancing scores, one of which is 

the propensity score, defined as 

 

                                 p(X) ≡ Pr (D = 1|X) = E(D|X).                                       (2.5) 

 

Employing the notation of Becker and Ichino (2002), the ATT can now be 

estimated as a function of the known propensity score (conditional on X): 

 

                                                
80 Heckman et al. (1998) show that when the estimate of interest is the ATT, weaker forms of the 
CIA and overlap assumption, given by (Y0) ⊥  D|X  and  Pr(D  =  1|X)<1,  respectively,  are sufficient 
for identification of  (2.2).  
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 τATT ≡  E(Y1 – Y0|D = 1) 

         = E ( E (Y1 – Y0|D = 1, p(X) ) ) 

         = E ( E (Y1|D = 1, p(X) ) – E (Y0|D = 0, p(X) )   |  D = 1 )    .              (2.6) 

 

The derivation of (2.6) requires two assumptions. Rosenbaum and Rubin (1983) 

show that as treatment conditional on the propensity score is random, then 

treated and control observations with the same propensity score should be, on 

average, identical in X: 

 

                            D ⊥ X | p(X)       .                                             (2.7) 

This is the balancing hypothesis. Further, it is shown that if the counterfactual 

outcomes of both groups are independent of treatment given X, then they are 

also independent of treatment given the propensity score:  

 

   Y1 , Y0 ⊥ D|X    ⇒	  	  	  	  Y1 , Y0 ⊥ D| p(X)        .                           (2.8) 

 

This is the equivalent of the CIA modified for the propensity score. 

A randomized treatment assignment is still preferable to propensity score 

matching, since treated and untreated observations are matched on both 

observables and unobservables. However, by comparing their results against an 

experimental benchmark, Dehejia and Wahba (2002) demonstrate that matching 

based on propensity scores can accurately estimate treatment effects.81  

                                                
81 Given certain conditions and if the CIA and overlap assumptions are satisfied. 
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Propensity scores are estimated for the MEPS sample via a logit function 

using Becker and Ichino’s (2002) PSCORE program for Stata. The common 

support option is specified, satisfying the overlap assumption. There is little 

consensus regarding which matching algorithm is best, and it is ultimately 

dependent upon the quality of data employed, the plausibility of CIA given the 

propensity score specification, and the resultant balance and match quality. 

Appendix A describes the 5 matching algorithms employed, the benefits and 

drawbacks of each method and the variance estimation. 

 

2.5 Results 

Results from the logit regressions in estimation of the propensity scores for each 

set of treatment groups are presented in Tables 2.6 and 2.7. The same 

specification is used for all duration treatment groups, as well as all regimen 

groups. Table 2.6 shows a range of pseudo R-squared from nearly 16 percent to 

25 percent, and Table 2.7 from nearly 12 percent to nearly 26 percent, 

demonstrating decent power of the model in predicting both sets of treatment. 

Further all demographic covariates have the expected sign and majority are 

highly statistically significant 

One important point must be made with regard to specification. The 

model is only fully identified when all observable factors affecting treatment are 

included in specification of the propensity score. With regard to defining 

treatment as “having a diabetes diagnosis and being in a particular duration 

quartile,” it is argued that, for most diabetics, this treatment is the same as  

“having a diabetes diagnosis.” Once an individual is diagnosed with diabetes, 
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Table 2.6. Logit Regression Results when Treatment Is Duration 

  Treatment Group: Diabetics, by Duration Quartile 
Covariate I II III IV 
Age 0.1124*** 0.1396*** 0.1994*** 0.2112*** 

 (0.0114) (0.0121) (0.0140) (0.0173) 
Age² -0.0008*** -0.0011*** -0.0014*** -0.0014*** 

 (0.0001) (0.0001) (0.0001) (0.0001) 
Female -0.0176 -0.2525*** -0.2167*** -0.0936* 

 (0.0517) (0.0506) (0.0508) (0.0549) 
Hispanic 0.5275*** 0.5465*** 0.7052*** 0.5589*** 

 (0.0728) (0.0722) (0.074) (0.0823) 
Black 0.2295*** 0.101 0.4486*** 0.5725*** 

 (0.0664) (0.0678) (0.0642) (0.0675) 
Other race 0.5695*** 0.4255*** 0.5751*** 0.170 

 (0.1224) (0.1288) (0.1282) (0.1586) 
MSA -0.1528** -0.006 -0.0826 -0.1266** 

 (0.0599) (0.0610) (0.0596) (0.0623) 
Household size 0.0582*** 0.0647*** 0.0365 0.055** 

 (0.0203) (0.0210) (0.0225) (0.0254) 
Household income -0.3580E-5*** -0.5040E-5*** -0.3460E-5*** -0.1370E-5 

 (0.0752E-5) (0.0072E-5) (0.0767E-5) (0.0812E-5) 
High school diploma -0.2011 -0.0840 0.0048 -0.1526** 

 (0.0607) (0.0613) (0.0601) (0.0618) 
Usual provider 0.3474*** 0.4561*** 0.6047*** 0.7091*** 

 (0.0885) (0.0933) (0.1025) (0.1273) 
Good health -0.4755*** -0.5903*** -0.6509*** -0.8367*** 

 (0.0658) (0.0639) (0.0614) (0.0617) 
Active -0.1982*** -0.2074*** -0.2416*** -0.3508*** 

 (0.0516) (0.0514) (0.0518) (0.057) 
Eat healthier 1.0097*** 0.9593*** 0.6941*** 0.6357*** 

 (0.0560) (0.0558) (0.0538) (0.0572) 
Private insurance 0.0717 0.146 -0.026 0.212 

 (0.0923) (0.0950) (0.0986) (0.1299) 
Public insurance 0.2623*** 0.2211** 0.2671*** 0.5158*** 

 (0.0952) (0.0986) (0.1004) (0.1301) 
Obese 0.7394*** 0.8097*** 0.8615*** 0.5199*** 

 (0.0521) (0.0519) (0.0518) (0.0558) 
Hypertension 0.7951*** 0.8986*** 0.7620*** 0.7569*** 

 (0.0594) (0.0601) (0.0601) (0.0670) 
Heart problem 0.0953 0.1889*** 0.3258*** 0.7527*** 

 (0.0619) (0.0597) (0.0576) (0.0586) 
 

(continued on next page) 
______________________________________________________________________________________ 
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Table 2.6. (continued) Logit Regression Results when Treatment Is Duration 

  Treatment Group: Diabetics, by Duration Quartile 
Covariate I II III IV 
y2001 0.1049 -0.1688 -0.4822** -0.1916 

 (0.2240) (0.2286) (0.2075) (0.1971) 
y2002 0.0921 0.0932 -0.1561 0.1514 

 (0.1897) (0.1845) (0.1608) (0.1621) 
y2003 0.0139 0.0680 -0.1350 0.1264 

 (0.1920) (0.1861) (0.1619) (0.1643) 
y2004 -0.0019 0.1192 -0.1857 0.1986 

 (0.1917) (0.1849) (0.1619) (0.1628) 
y2005 0.146 0.1387 -0.0116 0.2516 

 (0.1902) (0.1849) (0.1602) (0.1627) 
y2006 0.1786 0.2750 0.0675 0.2724 

 (0.1899) (0.1836) (0.1594) (0.1623) 
y2007 0.2655 0.2972 0.0406 0.3619** 

 (0.1901) (0.1844) (0.1608) (0.1625) 
y2008 0.2818 0.2878 0.0668 0.3490** 

 (0.1893) (0.1839) (0.1596) (0.1621) 
Constant -7.988*** -8.9376*** -10.8561*** -12.3588*** 

 (0.3929) (0.4118) (0.4681) (0.5844) 
Pseudo R-squared 0.1568 0.1766 0.2063 0.2547 
N 61,900 61,936 61,981 61,782 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.7. Logit Regression Results when Treatment Is Regimen 

  Treatment Group: Diabetics, by Regimen 
Covariate Diet Modification Oral Medication Insulin 
Age 0.0895*** 0.1860*** 0.1668*** 

 (0.0185) (0.0105) (0.0147) 
Age² -0.0006*** -0.0013*** -0.0013*** 

 (0.0002) (0.0001) (0.0001) 
Female 0.0649 -0.1855*** -0.2209*** 

 (0.0857) (0.0383) (0.0555) 
Hispanic 0.334*** 0.6167*** 0.4830*** 

 (0.1244) (0.0559) (0.0839) 
Black 0.0433 0.2311*** 0.5732*** 

 (0.1148) (0.0503) (0.0666) 
Other race 0.5877*** 0.4410*** -0.1508 

 (0.1907) (0.0986) (0.1912) 
MSA 0.0088 -0.1789*** -0.0863 

 (0.102) (0.0440) (0.0644) 
Household size 0.0034 0.0625*** 0.0096 

 (0.0361) (0.0169) (0.0247) 
Household income -0.0245E-4** -0.3820E-5*** -0.2540E-5*** 

 (0.0119E-4) (0.0567E-5) (0.0844E-5) 
High school diploma -0.0823 -0.1881*** 0.0423 

 (0.1027) (0.0450) (0.0651) 
Usual provider 0.1286 0.7572*** 0.8653*** 

 (0.1408) (0.0818) (0.1295) 
Good health -0.4743*** -0.5047*** -0.9963*** 

 (0.1098) (0.0485) (0.0618) 
Active 0.0717 -0.2119*** -0.4198*** 

 (0.0848) (0.0385) (0.0584) 
Eat healthier 1.1654*** 0.9629*** 0.7981*** 

 (0.0965) (0.0412) (0.0602) 
Private insurance -0.1471 0.1505* 0.3181*** 

 (0.1500) (0.0777) (0.1227) 
Public insurance 0.0761 0.2971*** 0.7187*** 

 (0.1563) (0.0796) (0.1229) 
Obese 0.5843*** 0.8551*** 0.8528*** 

 (0.0868) (0.0389) (0.0564) 
Hypertension 0.6512*** 0.8874*** 0.8307*** 

 (0.0983) (0.0450) (0.0678) 
Heart problem 0.4473*** 0.1489*** 0.7630*** 

 (0.0980) (0.0438) (0.0605) 
 

(continued on next page) 
______________________________________________________________________________________ 
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Table 2.7. (continued) Logit Regression Results when Treatment Is Regimen 

  Treatment Group: Diabetics, by Regimen 
Covariate Diet Modification Oral Medication Insulin 
y2001 -0.062 -0.0861 -0.4590** 

 (0.3521) (0.1646) (0.2013) 
y2002 0.1585 0.1745 -0.0008 

 (0.2903) (0.1358) (0.1584) 
y2003 0.2619 0.1216 -0.1495 

 (0.2908) (0.1372) (0.1619) 
y2004 0.1201 0.1225 -0.0578 

 (0.2925) (0.1369) (0.1599) 
y2005 0.2347 0.2101 -0.0534 

 (0.2905) (0.1363) (0.1605) 
y2006 0.1904 0.2548* 0.0008 

 (0.2915) (0.1361) (0.1598) 
y2007 0.1660 0.3946*** 0.0662 

 (0.2939) (0.1360) (0.1602) 
y2008 0.1979 0.3508*** 0.0389 

 (0.2923) (0.1361) (0.1595) 
Constant -8.3808*** -10.5993*** -10.149*** 

 (0.6273) (0.3596) (0.4870) 
Pseudo R-squared 0.1182 0.2418 0.2573 
N 60,600 63,711 61,652 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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the clock starts and duration increases. This does not mean that the severity or 

progression for all diabetics is the same once a diagnosis is made. It is simply put 

forth that there are very few additional factors, if any, that would affect 

treatment via duration. Aside from time, the only other factor that could affect 

duration is one that eliminates the disease altogether. This would actually be an 

undoing of the diagnosis itself. Although relatively rare, diabetes reversal is 

biologically possible with restoration of beta-cell function, or in recent years, 

gastric bypass surgery. Thus, the inclusion of observables that likely determine 

diabetes diagnosis essentially accounts for all observables that would affect 

duration as well. 

The case for equating “having a diabetes diagnosis and being in a 

particular regimen group” and “having a diabetes diagnosis,” however, is 

slightly more difficult to make. Upon first consideration of a treatment regimen 

for any illness, physician practice immediately comes to mind. Some physicians 

are more inclined to prescribe medication, while others would try non-drug 

alternatives before issuing any prescriptions. Some physicians would treat an 

illness, particularly a chronic disease, more aggressively than others. There are 

various trends in both individual practice habits as well as overall medical trends 

in prescribed regimens over the period of analysis. However, as outlined in 

detail in Section 2.3, two trends arise. First, there is a continuously decreasing 

trend in treating diagnosed diabetics with diet modification alone. It is most 

common to prescribe some type of oral agent to a newly-diagnosed diabetic to 

start the blood glucose level maintenance immediately and effectively. Second, 

while there exist an infinite number of combinations of treatment, and while 
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there is disagreement over which combinations would perform best or should be 

prescribed in a particular sequence, the following is true: from both the patient’s 

perspective and the physician’s perspective, the resulting treatment is simply an 

alternative oral medication, or combination of agents, to achieve desired clinical 

outcomes. In this sense, the trends in physician practice or how aggressively 

diabetes is treated (with one vs. three oral agents), the fact is, it’s still being 

treated with an oral agent until all combinations of oral agents prove ineffective. 

At this point, when the disease has become so severe, insulin is added to the 

regimen. Thus, it is not unreasonable to assert that diabetics treated with diet 

modification are those with the least severe case, and those treated with insulin, 

the most sever. Moreover, since treatment group is not defined by class of oral 

agent prescribed, but instead by diet vs. medication vs. insulin, physician 

practice does not need to enter the specification.  

 
 
2.5.1 Balance and Match Quality 
 
In order to validate and support the estimates produced, balance and match 

quality must be evaluated for identification of the model. There are numerous 

methods invoked in the literature to evaluate balance,82 many of which are 

criticized on some level. Two methods are employed herein to validate the 

estimates. The first is a t-test on covariate mean differences across treatment 

groups before and after matching. This method is cited and applied in many 

studies as an acceptable and measurable test of match quality. Whereas treated 

                                                
82 The reader is referred to Dehejia and Wahba (2002), Ho, Imai, King and Stuart (2007), Imai, 
King and Stuart (2008) and Austin (2007) for a list of methodologies. 
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individuals are likely systematically different from control individuals prior to 

matching, they are ideally identical – at least in the covariates – after matching. 

However, as has been demonstrated in other analyses,83 an improvement in 

balance, as demonstrated by a decrease in statistical significance of covariate 

mean differences across treated and untreated observations post-matching, is 

sufficient to support ATT estimates using that sample.  

The second method to check match quality is to measure the change in 

covariate standardized bias after matching. The standardized balance, as defined 

by Rosenbaum and Rubin (1985), is the covariate difference in sample means 

between treated and control groups as a percentage of the square root of the 

average aggregate sample variance. It is given by: 

 

   SB = 100 X1 − X0

1
2

var1 X( )+ var0 X( )"# $%

  .             (2.9) 

 

The main drawback to this method is that there is no established benchmark 

value accepted to represent a “good” match.  

 Balance assessment of the samples using radius matching with caliper = 

0.01 matching84 are presented in Tables 1.B.1 through 1.B.4 for the duration 

quartile treatment groups, and in Tables 1.B.5 through and 1.B.7 for the regimen 

treatment set. Although balance assessment of the alternative matching 

                                                
83 Tao, Pietropaulo, Atkinson, Schatz and Taylor (2010), Qian (2007) and Persson and Tabellini 
(2007). 
84 This is the preferred matching algorithm of the 5 that are employed. See Appendix A for 
discussion. 
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methodologies is not included,85 kernel matching provides the least-balanced 

match, as many covariates are still significant at the 1 percent level after 

matching. While their associated t-statistics have decreased, some substantially, 

there is still statistical evidence that the means in age, household income, high 

school graduation, good health, usual provider, insurance type, behaviors and 

presence of comorbidities are different across groups. This is because the kernel 

algorithm matches each diabetic to all non-diabetics in the sample, weighing 

those that are closest in propensity score the heaviest. Nearest neighbor and 

radius matching both do an excellent job of nearly balancing the samples; none of 

the nearest neighbor matched samples demonstrate significant difference across 

covariates, and only when treatment is diabetics under a diet regimen does 

radius matching still yield three covariates with statistically different means 

across treatment groups. However, radius matching estimates are preferred over 

nearest neighbor and thus presented here, as they retain more of the non-

diabetics in the sample and therefore lose less information that the nearest 

neighbor methodology. 

 

2.5.2 Propensity Score Matching by Duration of Diabetes 

Table 2.8 presents the average treatment effect estimates produced using radius 

matching when treatment is diabetes by duration quartile. Even after addressing 

selection bias given the covariates included in the specification of the propensity 

score, there is a statistically significant large and increasing effect of duration of 

disease on annual expenditures. Relative to non-diabetics, a diabetic who has  

                                                
85 These are vailable upon request. 
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Table 2.8. ATE when Treatment is Duration, Radius Matching, Caliper = 0.01 

  Treatment Group: Diabetics, by Duration Quartile 
Outcome: 
Expenditure Type 

Duration 
Quartile I 

Duration 
Quartile II 

Duration 
Quartile III 

Duration 
Quartile IV 

Total 1,834.43*** 2,298.85*** 3,422.09*** 4,964.36*** 

 (345.03) (328.62) (467.28) (480.14) 
Prescription Drug 792.69*** 956.92*** 1,495.56*** 1,504.86*** 

 (72.69) (84.40) (90.63) (91.67) 
Hospital 478.23 731.10*** 1,103.55*** 1,974.00*** 

 (284.98) (254.39) (387.06) (382.56) 
Emergency Room 19.34 32.96 -13.83 12.62 

 (21.29) (23.77) (18.56) (21.77) 
Office-Based 
Provider 462.18*** 404.81*** 561.09*** 967.69*** 

 (90.94) (99.8) (111.97) (129.7) 
Treated N 1,844 1,881 1,926 1,721 
Control N 59,969 59,969 59,969 59,969 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 

 

had diabetes for about a year incurs over $1,800 more in annual expenditures. A 

diabetic who has had diabetes for 5 to 13 years incurs expenditures nearly $3,500 

higher than a non-diabetic, and after 14 years of the chronic condition, given 

diagnoses for comorbidities, a diabetic incurs expenditures just under $5,000 

more than a non-diabetic. Using even the high end-estimate of Trogdon and 

Hylands (2008) to calculate excess cost among a diabetic with diabetes for 15 

years, this estimate is more than $1,000 higher. The only demonstrated U-shaped 

trajectory is in office-based provider care, as expenditures drop during the 

second quartile. This is likely the result of having a surge of appointments 

immediately following disease onset, followed by a tapering out once the disease 

is better managed. However, the lack of a U-shaped trajectory likely results 
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because the latter duration quartiles are relatively long. While the first quartile 

length is one year, the second is two years, the third ten years, and the fourth 

over 60 years given our sample. Prescription drug, hospital and office-based care 

all increase consistently over duration intervals as well. There is a large and 

significant jump in hospital expenditures from $1,103 in quartile 3 to $1,974 in 

quartile 4, which is likely the result of increased inpatient stays as a result of 

diabetes complications. Office-based provider expenditures nearly doubled from 

the third to fourth quartiles as well. These findings, while unsurprising, 

demonstrate that even after accounting for possible selection bias, the large 

unconditional differences in expenditures remain and are significant.  

 

2.5.3 Propensity Score Matching by Diabetes Treatment Regimen 

Analogous results are present in Table 2.9 for diabetes by regimen.  As expected, 

diabetics on insulin are estimated to incur annual medical expenditures nearly 

$7,500 higher than non-diabetics. Their prescription drug costs are nearly double 

the difference between those on oral meds and non-diabetics; their hospital 

expenditures are over $3,000 higher than non-diabetics, and even their office-

based visit expenditures are over $1,200. This is likely because by the time a 

diabetic is put on an insulin regimen, other serious and costly comorbidities such 

as heart disease and renal failure may have developed and progress alongside 

diabetes. 

After controlling for selectivity bias, it is estimated that diabetics treated 

with diet modification incur annual medical expenditures $2,544 higher than 

non-diabetics, while those treated with oral meds only $1,530 higher.  
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Table 2.9. ATE when Treatment is Regimen, Radius Matching, Caliper = 0.01 

  Treatment Group: Diabetics, by Regimen 
Outcome: 
Expenditure Type Diet Modification Oral Meds Insulin 

Total 2,544.01*** 1,530.66*** 7,485.03*** 

 (631.79) (230.24) (564.70) 
Prescription Drug 382.60*** 1,034.04*** 2,331.06*** 

 (109.28) (58.22) (110.36) 
Hospital 1,225.84** 67.47 3,003.60*** 

 (543.03) (178.74) (460.44) 
Emergency Room 1.85 -8.21 77.04*** 

 (31.28) (15.55) (25.74) 
Office-Based Provider 702.66*** 340.52*** 1,251.98*** 

 (148.10) (69.81) (147.93) 
Treated N 631 3,742 1,682 
Control N 59,969 59,969 59,969 

 
Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 
 

Furthermore, hospital expenditures incurred by diabetics treated with 

stand- alone diet modification are $1,225 higher than non-diabetics. This amount 

is nearly half the estimated difference between insulin users and non-diabetics, 

and stands in contrast to the annual (statistically insignificant) $67 differential a 

diabetic on oral agents incurs in hospital expenditures. Even more, those treated 

through diet alone incur office-based expenditures $702 higher per year than 

non-diabetics, more than twice the estimated differential for those on oral 

medications. These findings are quite surprising could be explained by several 

factors.  

 First, the increased expenditures of diabetics on a diet modification 

regimen relative to those on oral agents could be evidence that a stand-alone diet 

modification is insufficient to manage diabetes, as it does not contain or prevent 
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progression of illness. However, clinical studies86 demonstrate the success of 

certain diet modifications in the prevention of type 2 diabetes and its 

progression. Moreover, some studies87 find that diet modification is substantially 

more successful in preventing the development of type 2 diabetes and lowering 

incidence rates relative to certain oral medications among individuals with high 

glycemic levels. This latter result of clinical outcome-based studies appears at 

odds with the findings of the current medical expenditure-based study, as 

increased utilization demonstrated by higher expenditures (particularly for 

hospitalizations) among diet-treated diabetics is indicative of need for increased 

medical attention relative to those on oral medication. However, further analysis 

beyond the scope of this study is required to investigate these conflicting results 

and draw any definitive conclusions. In any case, assuming that the 631 

individuals in the diet-only group complied with their prescribed regimen, the 

possibility of ineffectiveness of diet modification is thus ruled out. 

A second, more likely reason for the finding of increased expenditure 

among the diet-only regimen is a lack of compliance. These individuals have 

been informed of necessary and clinically proven behavioral modifications to 

successfully manage their disease, yet they have not done this sufficiently, if at 

all. Alternatively, they may lack the proper extensive education and support for 

maintaining their regimen over the long run. As such, their disease is 

progressing without proper treatment and is causing need for more frequent 

hospitalization and office-based provider visits. Increased expenditure on office-

                                                
86 Samaha et al. (2003) and Stern et al. (2004). 
87 Diabetes Prevention Program Research Group (2002) and Herman et al. (2005). 
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based visits is likely a result of seeing additional specialists, such as cardiologists, 

nephrologists, neurologists, opthamologists, etc., as risk of comorbid conditions 

increases in the face of poor diabetes management. 

Third, although the estimation methodology reduces selection bias, it only 

addresses selection bias in an individual’s initial decisions to seek medical care 

and thus, receive a diagnosis. It could be the case some of the diabetics treated 

with diet modification were indeed prescribed that regimen upon initial 

diagnosis. At the time, perhaps the non-severe nature of their condition 

warranted this less aggressive regimen. However, if these individuals have not 

subsequently persistently returned to the doctor, then their disease progression 

cannot be monitored and their regimen cannot be modified as necessary.88 

 

2.6 Policy Analysis and Limitations 
 
These findings shed great light on the financial burden of diabetes to the 

healthcare system. They further demonstrate that the longer individuals live 

with this disease and the further it progresses, the larger that financial burden 

becomes. Individuals are now being diagnosed at younger ages than in the 

past,89 implying that future incident cohorts will be living with the disease for 

even longer periods of time, thereby increasing expenditures incurred by all 

payers. The CDC (2011) estimates that approximately 1.52 million Americans 

between the ages of 20 and 64 were diagnosed with diabetes in 2010. Assuming 

                                                
88 Most individuals in this group report having a usual health care provider, however, the 
specification employed does not reflect the duration of time that has passed since the individual 
visited this provider. 
89 This is partly due to improved detection and increased outreach, but also due increased 
prevalence of the disease among younger cohorts, particularly children and young adults. 
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that this annual incidence rate persists for the next 10 years, that these diabetics 

survive due to the availability of effective prescription drugs and their 

compliance in taking them, and no further inflation of the cost of medical care, 

then by 2033 – the 14th year of duration (start of the fourth duration quartile) for 

the 2019 incident cohort – total medical expenditures on these 15.2 million 

diabetics alone (not accounting for the existing 21 million diabetics diagnosed 

prior to 2010) will be about $75.3 billion higher than they would be in the 

absence of a diabetes diagnosis.  

Higher hospitalization and office-based provider expenditures on 

diabetics assigned to a diet regimen versus those on oral agents have important 

financial and health implications. If their condition is progressing (as 

demonstrated by increased utilization) and comorbidities developing due to a 

lack of compliance or selection not to persistently have their disease monitored 

by a professional, investments should be made to develop more effective ways of 

getting diabetics to change their behaviors and creating incentives for them to be 

monitored. If these results are caused by insufficient education, current and 

planned outreach programs regarding chronic disease education and 

maintenance should target these diabetic populations. Alternatively, if the cause 

is lack of appropriate physician oversight, reimbursement or payment 

mechanisms could be implemented to ensure proper patient management. No 

definitive conclusions can be made regarding lack of compliance, insufficient or 

inaccessible education and physician supervision or selectivity in continuing to 

seek care and their effects on expenditures based on the suppositions in the 

previous section alone. Therefore, further research – ideally in conjunction with 
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analysis of clinical outcomes by regimen – should be pursued to investigate the 

true causal relationships. 

An alternative interpretation of the findings herein is in support of the 

success of diabetes oral medications in managing the disease, as demonstrated 

by substantially lower hospital and office-based expenditures relative to 

diabetics on a diet regimen. Compared to non-diabetics, a diabetic on oral 

medication incurs higher medical expenditures ($1,034) and, as expected, this 

differential is higher than that of a diabetic on diet modification ($382) relative to 

non-diabetics. However, for those on oral agents, the differential in hospital 

expenditures relative to non-diabetics ($67 per year) and that in office-based 

expenditure ($341 per year) stand in stark contrast to the differentials for 

diabetics on diet modification ($1,226 and $703 per year for hospital and office-

based expenditures, respectively). Thus, while no conclusions can be drawn 

comparing the efficacies of various regimens, as health outcomes are not 

analyzed, nor are actual costs of each regimen,90 there is great motivation for 

future research to investigate the relative cost efficiency of diabetes treatment 

regimens.  

These findings are subject to several limitations and estimates should thus 

be interpreted with care. First, the propensity score specification employed 

herein does not perfectly balance any of the samples, and thus, does not fully 

identify the average treatment effect. The selected specification maximizes the 

balance while including as many determinants of diabetes diagnosis as possible, 

                                                
90 This study does not account for the changing cost structure of diabetes medications resulting 
from development and introduction of new agents over the period of analysis. 
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however, having information on family history of diabetes or clinical outcomes 

would be ideal. Second, all three qualifiers that defined treatment in this analysis 

are self reported: diabetes diagnosis, age at diagnosis and current treatment 

regimen. To the extent that survey participants are honest, measurement (recall) 

error is the only remaining concern. There were some individuals who clearly 

misunderstood the age at diagnosis question, as they indicated a duration that 

was longer than their lifetime. While this is a rare and extreme example, even a 

one or two year mismeasurement by a large proportion of elderly diabetics could 

seriously contaminate the findings. Third, while the regimen indicators signal a 

prescription by a physician to modify behavior, take oral medication or use 

insulin, there is no way to verify or measure the degree of compliance. Although 

this is arguably less of a problem for diabetics on insulin, as their condition is so 

severe that non-compliance could be fatal, it still poses an estimation problem.  

 
 
2.7 Conclusion 
 
The current study estimates how the effect of diabetes on medical expenditures 

changes as the disease progresses. It improves upon existing estimates by 

employing propensity score matching to minimize selection bias from receiving a 

diabetes diagnosis, and by mapping the expenditure trajectory from both disease 

duration and disease severity perspectives. Results demonstrate that the longer a 

person has diabetes, the higher incurred medical expenditures will be relative to 

a non-diabetic. This trend is especially true for prescription drug and hospital 

expenditures, but also for office-based provider expenditures, which nearly 

double relative to non-diabetics in the highest duration group. Findings further 
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show that diabetics treated with diet modification alone incur higher 

expenditures compared to non-diabetics than do diabetics treated with oral 

medication. While further research is needed to investigate causal relationships 

and to evaluate cost efficiency of diabetes treatment regimens, these findings 

demonstrate the large financial burden imposed upon the healthcare system by 

diabetics, and further show how this burden grows for all payers with increased 

duration and severity of disease. 
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Appendix 2.A 
 

Propensity Score Matching Methods 

 

Table 2.A.1 describes the 5 matching algorithms employed in this study. k-

Nearest neighbor matching selects for every treated observation the k control 

observations with the closest propensity score. Allowing for replacement makes 

it possible for a selected control observation to be used in more than one match. 

However, Smith and Todd (2005) show that the reduced bias comes at the cost of 

increased variance, as fewer control observations are utilized in the matched 

sample. In the 2-nearest neighbor case, there is a reduction in variance, as more 

control units are matched to every treated observation, however, these controls 

could be poor matches, thereby possibly increasing bias. If propensity scores 

between treated and control groups are very different, however, nearest 

neighbor matching may be quite biased in general, as treated observations would 

be matched with its nearest dissimilar neighbor. 

 In radius matching, suggested by Dehejia and Wahba (2002), all controls 

within a specified caliper (distance from the treated observation, in terms of 

propensity score) are used as matches to a single treated observation. Caliendo 

and Kopeinig (2008) thus highlight the benefit of oversampling with radius 

matching, without the possibility of bad matches. Although there is no way to 

determine optimal caliper a priori, calipers of 0.05 and 0.01 are selected, as they 

are standard distances used in empirical studies. Radius matching overcomes the 

problem encountered with nearest neighbor matching and uneven distribution of 

propensity scores, because it uses as many or as few control units as are available 
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within the specified caliper, and drops treated observations if there are no 

control units within the caliper. 

 Kernel matching is a non-parametric methodology that uses all control 

observations as matches for each treated observation. Control observations that 

are closer to the treated observation in terms of propensity score are weighted 

more heavily than control observations that are further away. In this sense, 

kernel matching is attractive because use of information provided by all control 

units to construct the counterfactual outcomes for the treated group greatly 

reduces variance. However, this lends to use of very poor matches (although not 

weighed very heavily). DiNardo and Tobias (2001) demonstrate that choice of 

kernel function (Epanechnikov, Gaussian, uniform, tricube) does not affect 

results in any significant way, so the default Epanechnikov kernel is selected.91 

 All matching is performed using the PSMATCH2 algorithm92 developed 

by Leuven and Sianesi (2003) in Stata. Because the propensity score is itself 

estimated, the estimated variance of the treatment effect should reflect the 

additional variance from estimation of the propensity score. There is an on-going 

debate over efficiency bounds with respect to ATT variance using an estimated 

propensity score,93 however most of the problems encountered arise with small 

sample sizes. With sample sizes in excess of 60,000, it is argued that the current 

study does not suffer from this problem. The variance function estimated by 

PSMATCH2 nonetheless is a variance approximation specifically designed to 

                                                
91 Bandwidth is 0.6, the default in Stata. 
92 Following estimation of the propensity score using the PSCORE algorithm developed by Becker 
and Ichino (2002). 
93 The reader is referred to Hahn (1998), Heckman et al. (1998), Hirano, Imbens and Ridder (2003), 
Angrist and Hirano (2004) and Abadie and Imbens (2006) for discussion and proofs. 
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accommodate for the propensity score estimation. Proposed by Lechner (2001), it 

is given by:  

 

Var τ ATT( ) = 1
N1
Var Y1 |D =1( )+

wj( )
2

j∈{D=0}
∑

N1( )2
Var Y0 |D = 0( )   ,    (2.A.1) 

 

where N1 is the number of matched treated observations, and wj is the number of 

times observation j from the control group has been used. Although Lechner 

(2002b) finds little difference in between bootstrapped variances and those 

estimated using (2.A.1) in simulations, bootstrapped variances (and standard 

errors) for the radius matching ATT estimates are nonetheless performed with 50 

replications. 

 All ATT estimates displayed herein are produced employing radius 

matching. ATT estimates produced using kernel and nearest neighbor matching 

techniques are available upon request. 

 

 
 

Table 2.A.1. Propensity Score Matching Methods Employed 
 

Matching Method   Parameters 
2-Nearest neighbor 

 

a) With replacement 
b) Without replacement 

   Radius 
  

a) caliper = 0.05 

 b) caliper = 0.01 
 

Kernel  a)  Epanechnikov 
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Appendix 2.B 
 

Match Quality 
 

 

This study concludes that the ATT on medical expenditures by diabetes duration 

quartile and by diabetes regimen group is best estimated via radius matching. To 

support this decision, the match quality over the region of common support is 

presented. Tables 1.B.1 through 1.B.4 provide t-tests on covariate mean 

differences across treated and untreated observations before and after radius 

matching when treatment is duration quartile. Tables 1.B.5 through 1.B.7 provide 

t-tests on covariate mean differences across treated and untreated observations 

before and after radius matching when treatment is regimen group.94 

 Although the specification does not perfectly balance any of the treatment 

groups, and therefore precludes all estimates from being fully identified, all 

groups are overwhelmingly more balanced after matching than before. None of 

the covariate mean differences post-radius matching is statistically significant. 

Moreover, the reduction in standardized bias is very large for majority of the 

covariates in all treatment groups, further demonstrating good balance 

improvement due to matching specification. 

 
 
 
 
 
 
 

 

                                                
94 Analogous tables for the other matching techniques described in Appendix A are available 
upon request. 
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Table 2.B.1. Mean Covariate Difference Across Treatment Groups,  
Duration Quartile I 

 
Treatment: Diabetes Duration Quartile I (0 to 1.06 years) 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 58.32 47.98 25.24*** 0.000 63.60  
 Matched 58.31 58.20 0.22 0.824 0.70 98.90 

        
Female Unmatched 0.625 0.583 3.64*** 0.000 8.70  
 Matched 0.625 0.622 0.17 0.863 0.60 93.50 

        
Hispanic Unmatched 0.204 0.173 3.49*** 0.000 8.00  
 Matched 0.204 0.196 0.60 0.547 2.00 74.60 

        
Black Unmatched 0.216 0.159 6.55*** 0.000 14.60  
 Matched 0.216 0.214 0.20 0.844 0.70 95.30 

        
Other race Unmatched 0.044 0.047 -0.54 0.588 -1.30  
 Matched 0.044 0.044 0.08 0.934 0.30 79.30 

        
MSA Unmatched 0.762 0.810 -5.11*** 0.000 -11.60  
 Matched 0.762 0.763 -0.10 0.920 -0.30 97.00 

        
Household size Unmatched 2.235 2.506 -7.84*** 0.000 -18.60  
 Matched 2.232 2.224 0.17 0.862 0.60 97.00 

        
Household income Unmatched 40,672 55,527 -12.95*** 0.000 -33.30  
 Matched 40,682 41,383 -0.54 0.591 -1.60 95.30 

        
HS diploma Unmatched 0.672 0.806 -14.32*** 0.000 -31.00  
 Matched 0.672 0.683 -0.69 0.492 -2.40 92.10 

        
Usual provider Unmatched 0.907 0.770 13.93*** 0.000 38.00  
 Matched 0.907 0.904 0.30 0.767 0.80 97.90 

        
Good health Unmatched 0.765 0.928 -25.83*** 0.000 -46.20  
 Matched 0.766 0.782 -1.16 0.245 -4.60 90.10 

        
Active Unmatched 0.404 0.556 -12.93*** 0.000 -30.70  
 Matched 0.404 0.414 -0.59 0.556 -1.90 93.70 

        
Eat healthier Unmatched 0.708 0.318 35.40*** 0.000 84.60  
 Matched 0.708 0.699 0.55 0.585 1.80 97.90 

 
(continued on next page) 

______________________________________________________________________________________ 
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Table 2.B.1. (continued) Mean Covariate Difference Across Treatment Groups, 
Duration Quartile I 

 
Treatment: Diabetes Duration Quartile I (0 to 1.06 years) 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.523 0.648 -11.05*** 0.000 -25.60  
 Matched 0.523 0.534 -0.66 0.507 -2.20 91.30 

        
Public insurance Unmatched 0.380 0.197 19.29*** 0.000 41.20  
 Matched 0.380 0.370 0.63 0.527 2.30 94.50 

        
Obese Unmatched 0.531 0.270 24.72*** 0.000 55.10  
 Matched 0.530 0.515 0.92 0.359 3.20 94.20 

        
Hypertension Unmatched 0.685 0.285 37.49*** 0.000 87.40  
 Matched 0.685 0.677 0.51 0.607 1.70 98.00 

        
Heart problem Unmatched 0.316 0.148 19.77*** 0.000 40.50  
 Matched 0.316 0.310 0.43 0.669 1.60 96.10 

        
y2001 Unmatched 0.030 0.015 5.02*** 0.000 9.90  
 Matched 0.030 0.030 0.10 0.917 0.40 96.10 

        
y2002 Unmatched 0.140 0.162 -2.50** 0.012 -6.10  
 Matched 0.140 0.142 -0.10 0.923 -0.30 94.90 

        
y2003 Unmatched 0.119 0.142 -2.86*** 0.004 -7.00  
 Matched 0.119 0.120 -0.08 0.935 -0.30 96.30 

        
y2004 Unmatched 0.120 0.143 -2.76*** 0.006 -6.70  
 Matched 0.120 0.121 -0.08 0.934 -0.30 96.10 

        
y2005 Unmatched 0.137 0.140 -0.38 0.702 -0.90  
 Matched 0.136 0.136 -0.02 0.986 -0.10 93.70 

        
y2006 Unmatched 0.145 0.138 0.81 0.417 1.90  
 Matched 0.145 0.145 -0.01 0.991 0.00 98.00 

        
y2007 Unmatched 0.141 0.123 2.35** 0.019 5.40  
 Matched 0.141 0.141 0.03 0.980 0.10 98.40 

        
y2008 Unmatched 0.148 0.125 2.98*** 0.003 6.80  
  Matched 0.148 0.146 0.18 0.854 0.60 90.80 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.B.2. Mean Covariate Difference Across Treatment Groups,  
Duration Quartile II 

 
Treatment: Diabetes Duration Quartile II (1.06 to 3 years) 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 59.11 47.98 27.47*** 0.000 69.80  

 
Matched 59.11 58.76 0.74 0.458 2.20 96.80 

        
Female Unmatched 0.570 0.583 -1.05 0.295 -2.40 

 
 

Matched 0.570 0.571 -0.06 0.949 -0.20 91.40 

        Hispanic Unmatched 0.203 0.173 3.33*** 0.001 7.60  

 
Matched 0.203 0.197 0.46 0.649 1.50 79.90 

        
Black Unmatched 0.195 0.159 4.10*** 0.000 9.20 

 
 

Matched 0.195 0.197 -0.20 0.842 -0.70 92.70 

        Other race Unmatched 0.039 0.047 -1.69* 0.092 -4.10 
 

 
Matched 0.039 0.039 -0.09 0.929 -0.30 93.20 

        MSA Unmatched 0.780 0.810 -3.22*** 0.001 -7.30  

 
Matched 0.780 0.781 -0.05 0.958 -0.20 97.60 

        
Household size Unmatched 2.171 2.506 -9.78*** 0.000 -23.90  

 
Matched 2.171 2.182 -0.24 0.814 -0.70 96.90 

        
Household income Unmatched 40,367 55,527 -13.36*** 0.000 -34.90  

 
Matched 40,367 40,913 -0.44 0.656 -1.30 96.40 

        HS diploma Unmatched 0.694 0.806 -12.07*** 0.000 -26.20 
 

 
Matched 0.694 0.700 -0.40 0.687 -1.40 94.60 

        Usual provider Unmatched 0.920 0.770 15.40*** 0.000 42.50 
 

 
Matched 0.920 0.916 0.51 0.611 1.30 97.00 

        Good health Unmatched 0.746 0.928 -29.12*** 0.000 -50.70  

 
Matched 0.746 0.758 -0.86 0.392 -3.40 93.40 

        
Active Unmatched 0.402 0.556 -13.21*** 0.000 -31.10  

 
Matched 0.402 0.409 -0.42 0.673 -1.40 95.60 

        
Eat healthier Unmatched 0.716 0.318 36.50*** 0.000 86.70  

 
Matched 0.716 0.707 0.60 0.551 1.90 97.80 

 
(continued on next page) 
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Table 2.B.2. (continued) Mean Covariate Difference Across Treatment Groups, 
Duration Quartile II 

 
Treatment: Diabetes Duration Quartile II (1.06 to 3 years) 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.549 0.648 -8.87*** 0.000 -20.40  

 
Matched 0.549 0.552 -0.22 0.826 -0.70 96.40 

        
Public insurance Unmatched 0.364 0.197 17.80*** 0.000 37.80  

 
Matched 0.364 0.358 0.41 0.684 1.40 96.20 

        
Obese Unmatched 0.549 0.270 26.68*** 0.000 59.00  

 
Matched 0.549 0.534 0.88 0.377 3.00 94.80 

        
Hypertension Unmatched 0.719 0.285 41.07*** 0.000 96.30  

 
Matched 0.719 0.710 0.61 0.545 2.00 97.90 

        
Heart problem Unmatched 0.342 0.148 23.00*** 0.000 46.20  

 
Matched 0.342 0.334 0.48 0.632 1.80 96.20 

        
y2001 Unmatched 0.024 0.015 3.08*** 0.002 6.40  

 
Matched 0.024 0.024 0.00 0.996 0.00 99.80 

        
y2002 Unmatched 0.133 0.162 -3.33*** 0.001 -8.10  

 
Matched 0.133 0.135 -0.14 0.885 -0.50 94.40 

        
y2003 Unmatched 0.120 0.142 -2.77*** 0.006 -6.70  

 
Matched 0.120 0.121 -0.10 0.918 -0.30 95.20 

        
y2004 Unmatched 0.130 0.143 -1.57 0.116 -3.70  

 
Matched 0.130 0.131 -0.05 0.957 -0.20 95.40 

        
y2005 Unmatched 0.132 0.140 -0.97 0.332 -2.30 

 
 

Matched 0.132 0.131 0.07 0.943 0.20 90.00 

        y2006 Unmatched 0.154 0.138 1.99** 0.047 4.60 
 

 
Matched 0.154 0.153 0.08 0.933 0.30 93.90 

        y2007 Unmatched 0.140 0.123 2.30** 0.022 5.20 
 

 
Matched 0.140 0.139 0.10 0.921 0.30 93.70 

        y2008 Unmatched 0.145 0.125 2.58*** 0.010 5.90 
   Matched 0.145 0.144 0.06 0.956 0.20 96.80 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.B.3. Mean Covariate Difference Across Treatment Groups,  
Duration Quartile III 

 
Treatment: Diabetes Duration Quartile III (4 to 13 years) 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 62.26 47.98 35.69*** 0.000 92.00  

 
Matched 62.26 62.03 0.53 0.598 1.50 98.40 

        
Female Unmatched 0.593 0.583 0.91 0.362 2.10 

 
 

Matched 0.593 0.592 0.06 0.953 0.20 91.10 

        Hispanic Unmatched 0.192 0.173 2.18** 0.030 4.90  

 
Matched 0.192 0.189 0.23 0.820 0.70 84.90 

        
Black Unmatched 0.243 0.159 9.81*** 0.000 21.00 

 
 

Matched 0.243 0.240 0.19 0.851 0.60 96.90 

        Other race Unmatched 0.039 0.047 -1.68* 0.093 -4.00 
 

 
Matched 0.039 0.039 -0.01 0.995 0.00 99.60 

        MSA Unmatched 0.765 0.810 -4.91*** 0.000 -11.00  

 
Matched 0.765 0.766 -0.07 0.947 -0.20 98.00 

        
Household size Unmatched 2.022 2.506 -14.35*** 0.000 -36.10  

 
Matched 2.022 2.028 -0.14 0.885 -0.40 98.80 

        
Household income Unmatched 38,043 55,527 -15.59*** 0.000 -40.40  

 
Matched 38,043 38,142 -0.08 0.934 -0.20 99.40 

        HS diploma Unmatched 0.671 0.806 -14.69*** 0.000 -31.20 
 

 
Matched 0.671 0.673 -0.17 0.864 -0.60 98.10 

        Usual provider Unmatched 0.938 0.770 17.47*** 0.000 49.10 
 

 
Matched 0.938 0.934 0.52 0.606 1.20 97.60 

        Good health Unmatched 0.713 0.928 -34.59*** 0.000 -58.10  

 
Matched 0.713 0.722 -0.59 0.556 -2.30 96.00 

        
Active Unmatched 0.377 0.556 -15.50*** 0.000 -36.30  

 
Matched 0.377 0.380 -0.18 0.856 -0.60 98.40 

        
Eat healthier Unmatched 0.679 0.318 33.45*** 0.000 77.30  

 
Matched 0.679 0.675 0.28 0.777 0.90 98.80 
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Table 2.B.3. (continued) Mean Covariate Difference Across Treatment Groups, 
Duration Quartile III 

 
Treatment: Diabetes Duration Quartile III (4 to 13 years) 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.482 0.648 -14.96*** 0.000 -33.90  

 
Matched 0.482 0.485 -0.15 0.884 -0.50 98.60 

        
Public insurance Unmatched 0.439 0.197 26.06*** 0.000 53.80  

 
Matched 0.439 0.435 0.27 0.789 1.00 98.20 

        
Obese Unmatched 0.541 0.270 26.24*** 0.000 57.40  

 
Matched 0.541 0.532 0.58 0.565 2.00 96.60 

        
Hypertension Unmatched 0.738 0.285 43.45*** 0.000 101.80  

 
Matched 0.738 0.740 -0.13 0.897 -0.40 99.60 

        
Heart problem Unmatched 0.399 0.148 30.04*** 0.000 58.60  

 
Matched 0.399 0.394 0.30 0.762 1.10 98.10 

        
y2001 Unmatched 0.025 0.015 3.45*** 0.001 7.00  

 
Matched 0.025 0.026 -0.08 0.933 -0.30 95.70 

        
y2002 Unmatched 0.130 0.162 -3.80*** 0.000 -9.20  

 
Matched 0.130 0.131 -0.11 0.913 -0.30 96.30 

        
y2003 Unmatched 0.122 0.142 -2.51** 0.012 -6.00  

 
Matched 0.122 0.121 0.05 0.961 0.20 97.40 

        
y2004 Unmatched 0.120 0.143 -2.87*** 0.004 -6.90  

 
Matched 0.120 0.120 -0.02 0.984 -0.10 99.10 

        
y2005 Unmatched 0.139 0.140 -0.07 0.943 -0.20 

 
 

Matched 0.139 0.139 -0.01 0.994 0.00 85.20 

        y2006 Unmatched 0.154 0.138 1.95* 0.051 4.40 
 

 
Matched 0.154 0.155 -0.07 0.943 -0.20 94.70 

        y2007 Unmatched 0.134 0.123 1.55 0.121 3.50 
 

 
Matched 0.134 0.134 0.03 0.980 0.10 97.70 

        y2008 Unmatched 0.145 0.125 2.64*** 0.008 5.90 
   Matched 0.145 0.143 0.17 0.863 0.60 90.30 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.B.4. Mean Covariate Difference Across Treatment Groups,  
Duration Quartile IV 

 
Treatment: Diabetes Duration Quartile IV (14+ years) 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 66.52 47.98 43.97*** 0.000 121.60  

 
Matched 66.50 65.96 1.19 0.236 3.50 97.10 

        
Female Unmatched 0.622 0.583 3.27*** 0.001 8.00 

 
 

Matched 0.621 0.621 0.00 0.999 0.00 100.00 

        Hispanic Unmatched 0.164 0.173 -0.93 0.353 -2.30  

 
Matched 0.165 0.161 0.34 0.735 1.10 50.20 

        
Black Unmatched 0.261 0.159 11.32*** 0.000 25.20 

 
 

Matched 0.259 0.258 0.06 0.952 0.20 99.10 

        Other race Unmatched 0.028 0.047 -3.76*** 0.000 -10.20 
 

 
Matched 0.028 0.028 -0.06 0.955 -0.20 98.40 

        MSA Unmatched 0.745 0.810 -6.69*** 0.000 -15.50  

 
Matched 0.747 0.744 0.21 0.834 0.80 95.20 

        
Household size Unmatched 1.907 2.506 -16.84*** 0.000 -45.50  

 
Matched 1.904 1.911 -0.17 0.867 -0.50 98.90 

        
Household income Unmatched 35,835 55,527 -16.63*** 0.000 -44.90  

 
Matched 35,870 35,574 0.23 0.819 0.70 98.50 

        HS diploma Unmatched 0.605 0.806 -20.68*** 0.000 -45.20 
 

 
Matched 0.607 0.607 0.00 0.997 0.00 100.00 

        Usual provider Unmatched 0.958 0.770 18.49*** 0.000 57.00 
 

 
Matched 0.958 0.949 1.18 0.238 2.60 95.50 

        Good health Unmatched 0.648 0.928 -42.76*** 0.000 -72.70  

 
Matched 0.650 0.651 -0.02 0.984 -0.10 99.90 

        
Active Unmatched 0.328 0.556 -18.77*** 0.000 -47.00  

 
Matched 0.329 0.333 -0.19 0.847 -0.60 98.60 

        
Eat healthier Unmatched 0.680 0.318 31.79*** 0.000 77.50  

 
Matched 0.679 0.669 0.60 0.548 2.10 97.30 

 
(continued on next page) 
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Table 2.B.4. (continued) Mean Covariate Difference Across Treatment Groups, 
Duration Quartile IV 

 
Treatment: Diabetes Duration Quartile IV (14+ years) 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.444 0.648 -17.47*** 0.000 -41.80  

 
Matched 0.446 0.439 0.40 0.687 1.40 96.70 

        
Public insurance Unmatched 0.511 0.197 32.03*** 0.000 69.40  

 
Matched 0.509 0.513 -0.21 0.835 -0.80 98.90 

        
Obese Unmatched 0.452 0.270 16.68*** 0.000 38.50  

 
Matched 0.450 0.439 0.62 0.536 2.20 94.20 

        
Hypertension Unmatched 0.788 0.285 45.8*** 0.000 116.90  

 
Matched 0.787 0.784 0.22 0.828 0.70 99.40 

        
Heart problem Unmatched 0.545 0.148 45.20*** 0.000 91.80  

 
Matched 0.544 0.542 0.13 0.900 0.50 99.50 

        
y2001 Unmatched 0.036 0.015 6.84*** 0.000 13.20  

 
Matched 0.037 0.037 -0.07 0.943 -0.30 97.80 

        
y2002 Unmatched 0.135 0.162 -3.03*** 0.002 -7.60  

 
Matched 0.135 0.135 0.01 0.989 0.00 99.40 

        
y2003 Unmatched 0.119 0.142 -2.70*** 0.007 -6.80  

 
Matched 0.120 0.119 0.09 0.931 0.30 95.80 

        
y2004 Unmatched 0.129 0.143 -1.64 0.101 -4.10  

 
Matched 0.130 0.131 -0.10 0.919 -0.30 91.70 

        
y2005 Unmatched 0.133 0.140 -0.84 0.400 -2.10 

 
 

Matched 0.133 0.132 0.07 0.944 0.20 88.60 

        y2006 Unmatched 0.138 0.138 -0.03 0.974 -0.10 
 

 
Matched 0.138 0.138 -0.01 0.992 0.00 59.50 

        y2007 Unmatched 0.136 0.123 1.67* 0.095 4.00 
 

 
Matched 0.135 0.135 0.02 0.981 0.10 97.90 

        y2008 Unmatched 0.140 0.125 1.85* 0.064 4.40 
   Matched 0.138 0.138 0.02 0.981 0.10 98.20 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.B.5. Mean Covariate Difference Across Treatment Groups,  
Diet Modification 

 
Treatment: Diabetics on Diet Modification Regimen 

Covariate Sample 
Mean t-test 

% bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 58.86 47.98 15.66*** 0.000 66.20  

 
Matched 58.86 56.68 2.42** 0.016 13.30 80.00 

        
Female Unmatched 0.626 0.583 2.20** 0.028 8.90 

 
 

Matched 0.626 0.618 0.29 0.772 1.60 81.80 

        Hispanic Unmatched 0.174 0.173 0.09 0.926 0.40  

 
Matched 0.174 0.170 0.21 0.832 1.20 -221.70 

        
Black Unmatched 0.184 0.159 1.67* 0.094 6.50 

 
 

Matched 0.184 0.181 0.14 0.887 0.80 87.40 

        Other race Unmatched 0.051 0.047 0.42 0.677 1.60 
 

 
Matched 0.051 0.050 0.08 0.935 0.50 71.50 

        MSA Unmatched 0.784 0.810 -1.60 0.109 -6.30  

 
Matched 0.784 0.788 -0.15 0.879 -0.90 86.00 

        
Household size Unmatched 2.124 2.505 -6.52*** 0.000 -26.90  

 
Matched 2.124 2.196 -0.94 0.346 -5.10 81.10 

        
Household income Unmatched 42,554 55,549 -6.67*** 0.000 -28.60  

 
Matched 42,554 45,095 -1.07 0.286 -5.60 80.40 

        HS diploma Unmatched 0.710 0.806 -6.08*** 0.000 -22.60 
 

 
Matched 0.710 0.729 -0.74 0.461 -4.40 80.60 

        Usual provider Unmatched 0.892 0.770 7.28*** 0.000 33.10 
 

 
Matched 0.892 0.868 1.32 0.187 6.50 80.30 

        Good health Unmatched 0.780 0.928 -14.15*** 0.000 -42.80  

 
Matched 0.780 0.808 -1.24 0.215 -8.20 80.90 

        
Active Unmatched 0.479 0.556 -3.87*** 0.000 -15.50  

 
Matched 0.479 0.493 -0.50 0.619 -2.80 81.80 

        
Eat healthier Unmatched 0.729 0.318 22.03*** 0.000 90.10  

 
Matched 0.729 0.658 2.75*** 0.006 15.60 82.70 
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Table 2.B.5. (continued) Mean Covariate Difference Across Treatment Groups, 
Diet Modification 

 
Treatment: Diabetics on Diet Modification Regimen 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.532 0.648 -6.06*** 0.000 -23.70  

 
Matched 0.532 0.556 -0.82 0.412 -4.70 80.10 

        
Public insurance Unmatched 0.363 0.197 10.40*** 0.000 37.60  

 
Matched 0.363 0.331 1.18 0.237 7.20 80.90 

        
Obese Unmatched 0.474 0.270 11.45*** 0.000 43.10  

 
Matched 0.474 0.435 1.37 0.171 8.10 81.10 

        
Hypertension Unmatched 0.658 0.285 20.64*** 0.000 80.50  

 
Matched 0.658 0.594 2.34** 0.019 13.80 82.90 

        
Heart problem Unmatched 0.379 0.148 16.15*** 0.000 54.20  

 
Matched 0.379 0.338 1.52 0.130 9.60 82.30 

        
y2001 Unmatched 0.030 0.015 2.95*** 0.003 9.80  

 
Matched 0.030 0.028 0.24 0.812 1.50 84.70 

        
y2002 Unmatched 0.143 0.162 -1.32 0.186 -5.40  

 
Matched 0.143 0.147 -0.21 0.837 -1.10 79.10 

        
y2003 Unmatched 0.143 0.142 0.03 0.980 0.10  

 
Matched 0.143 0.142 0.03 0.979 0.20 -48.20 

        
y2004 Unmatched 0.128 0.143 -1.06 0.290 -4.30  

 
Matched 0.128 0.131 -0.16 0.875 -0.90 79.90 

        
y2005 Unmatched 0.143 0.140 0.21 0.833 0.80 

 
 

Matched 0.143 0.141 0.07 0.943 0.40 51.90 

        y2006 Unmatched 0.138 0.138 -0.01 0.989 -0.10 
 

 
Matched 0.138 0.138 0.01 0.996 0.00 47.00 

        y2007 Unmatched 0.122 0.123 -0.04 0.964 -0.20 
 

 
Matched 0.122 0.122 0.01 0.992 0.10 69.30 

        y2008 Unmatched 0.130 0.125 0.41 0.684 1.60 
   Matched 0.130 0.129 0.05 0.960 0.30 82.40 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.B.6. Mean Covariate Difference Across Treatment Groups, 
Oral Medication 

 
Treatment: Diabetics on Oral Medication Regimen 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 63.17 47.98 52.51*** 0.000 97.90  

 
Matched 63.17 63.30 -0.42 0.674 -0.80 99.10 

        
Female Unmatched 0.599 0.583 2.03** 0.042 3.40 

 
 

Matched 0.599 0.598 0.14 0.888 0.30 90.50 

        Hispanic Unmatched 0.190 0.173 2.63*** 0.008 4.40  

 
Matched 0.190 0.182 0.82 0.410 1.90 55.90 

        
Black Unmatched 0.206 0.159 7.49*** 0.000 12.10 

 
 

Matched 0.206 0.206 -0.06 0.953 -0.10 98.80 

        Other race Unmatched 0.037 0.047 -2.90*** 0.004 -5.10 
 

 
Matched 0.037 0.036 0.12 0.906 0.30 95.00 

        MSA Unmatched 0.746 0.810 -9.54*** 0.000 -15.30  

 
Matched 0.746 0.746 -0.03 0.979 -0.10 99.60 

        
Household size Unmatched 2.025 2.505 -19.66*** 0.000 -35.50  

 
Matched 2.024 2.016 0.27 0.783 0.60 98.40 

        
Household income Unmatched 38,690 55,549 -20.74*** 0.000 -38.40  

 
Matched 38,688 38,900 -0.24 0.810 -0.50 98.70 

        HS diploma Unmatched 0.650 0.806 -23.10*** 0.000 -35.60 
 

 
Matched 0.651 0.658 -0.69 0.491 -1.70 95.10 

        Usual provider Unmatched 0.950 0.770 25.92*** 0.000 53.60 
 

 
Matched 0.950 0.951 -0.28 0.776 -0.40 99.20 

        Good health Unmatched 0.749 0.928 -39.01*** 0.000 -50.10  

 
Matched 0.749 0.759 -1.01 0.315 -2.80 94.40 

        
Active Unmatched 0.392 0.556 -19.63*** 0.000 -33.30  

 
Matched 0.392 0.395 -0.33 0.739 -0.80 97.70 

        
Eat healthier Unmatched 0.728 0.318 52.30*** 0.000 89.90  

 
Matched 0.728 0.725 0.25 0.804 0.60 99.40 
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Table 2.B.6. (continued) Mean Covariate Difference Across Treatment Groups, 
Oral Medication 

 
Treatment: Diabetics on Oral Medication Regimen 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.518 0.648 -16.18*** 0.000 -26.70  

 
Matched 0.518 0.525 -0.61 0.545 -1.40 94.60 

        
Public insurance Unmatched 0.415 0.197 32.06*** 0.000 48.70  

 
Matched 0.415 0.409 0.50 0.617 1.30 97.40 

        
Obese Unmatched 0.534 0.270 35.06*** 0.000 56.00  

 
Matched 0.534 0.522 1.07 0.282 2.60 95.30 

        
Hypertension Unmatched 0.763 0.285 63.11*** 0.000 109.10  

 
Matched 0.763 0.764 -0.13 0.899 -0.30 99.70 

        
Heart problem Unmatched 0.374 0.148 36.75*** 0.000 53.10  

 
Matched 0.373 0.371 0.19 0.848 0.50 99.10 

        
y2001 Unmatched 0.028 0.015 6.04*** 0.000 8.80  

 
Matched 0.028 0.029 -0.15 0.881 -0.40 95.50 

        
y2002 Unmatched 0.140 0.162 -3.57*** 0.000 -6.20  

 
Matched 0.140 0.140 0.02 0.984 0.00 99.30 

        
y2003 Unmatched 0.121 0.142 -3.66*** 0.000 -6.40  

 
Matched 0.121 0.120 0.08 0.935 0.20 97.20 

        
y2004 Unmatched 0.123 0.143 -3.36*** 0.001 -5.80  

 
Matched 0.124 0.126 -0.37 0.715 -0.80 85.80 

        
y2005 Unmatched 0.135 0.140 -0.77 0.442 -1.30 

 
 

Matched 0.135 0.134 0.21 0.836 0.50 63.60 

        y2006 Unmatched 0.144 0.138 0.98 0.327 1.60 
 

 
Matched 0.144 0.143 0.13 0.894 0.30 81.00 

        y2007 Unmatched 0.145 0.123 4.10*** 0.000 6.70 
 

 
Matched 0.145 0.144 0.14 0.887 0.30 94.90 

        y2008 Unmatched 0.141 0.125 2.96*** 0.003 4.90 
   Matched 0.141 0.141 0.03 0.976 0.10 98.50 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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Table 2.B.7. Mean Covariate Difference Across Treatment Groups, 
Insulin 

 
Treatment: Diabetics on Insulin Regimen 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Age Unmatched 61.19 47.98 30.93*** 0.000 85.10  

 
Matched 61.20 60.68 1.09 0.278 3.30 96.10 

        
Female Unmatched 0.598 0.583 1.30 0.195 3.20 

 
 

Matched 0.599 0.598 0.01 0.990 0.00 98.60 

        Hispanic Unmatched 0.159 0.173 -1.53 0.126 -3.80  

 
Matched 0.159 0.155 0.28 0.777 1.00 75.10 

        
Black Unmatched 0.290 0.159 14.34*** 0.000 31.70 

 
 

Matched 0.290 0.287 0.19 0.849 0.70 97.70 

        Other race Unmatched 0.018 0.047 -5.53*** 0.000 -16.20 
 

 
Matched 0.018 0.019 -0.17 0.862 -0.50 97.20 

        MSA Unmatched 0.755 0.810 -5.60*** 0.000 -13.20  

 
Matched 0.755 0.750 0.36 0.720 1.30 90.20 

        
Household size Unmatched 1.998 2.505 -14.08*** 0.000 -38.00  

 
Matched 1.999 2.009 -0.25 0.804 -0.80 98.00 

        
Household income Unmatched 36,662 55,549 -15.76*** 0.000 -43.90  

 
Matched 36,678 36,597 0.06 0.949 0.20 99.60 

        HS diploma Unmatched 0.668 0.806 -14.04*** 0.000 -31.70 
 

 
Matched 0.668 0.668 0.04 0.968 0.20 99.50 

        Usual provider Unmatched 0.958 0.770 18.31*** 0.000 57.20 
 

 
Matched 0.958 0.949 1.25 0.212 2.70 95.20 

        Good health Unmatched 0.597 0.928 -49.88*** 0.000 -84.20  

 
Matched 0.598 0.599 -0.06 0.952 -0.30 99.70 

        
Active Unmatched 0.311 0.556 -19.93*** 0.000 -50.90  

 
Matched 0.312 0.316 -0.29 0.769 -1.00 98.10 

        
Eat healthier Unmatched 0.724 0.318 35.23*** 0.000 88.70  

 
Matched 0.724 0.715 0.53 0.596 1.80 98.00 
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Table 2.B.7. (continued) Mean Covariate Difference Across Treatment Groups, 

Insulin 
 

Treatment: Diabetics on Insulin Regimen 

Covariate Sample 
Mean t-test % 

bias 
% 

reduction 
|bias| Treated Control t p-

value 
Private insurance Unmatched 0.458 0.648 -16.11*** 0.000 -39.00  

 
Matched 0.458 0.452 0.39 0.695 1.40 96.50 

        
Public insurance Unmatched 0.489 0.197 29.47*** 0.000 64.60  

 
Matched 0.489 0.491 -0.12 0.905 -0.50 99.30 

        
Obese Unmatched 0.581 0.270 28.24*** 0.000 66.20  

 
Matched 0.581 0.568 0.78 0.436 2.80 95.70 

        
Hypertension Unmatched 0.778 0.285 44.30*** 0.000 113.60  

 
Matched 0.778 0.771 0.44 0.657 1.50 98.70 

        
Heart problem Unmatched 0.518 0.148 41.52*** 0.000 85.20  

 
Matched 0.517 0.509 0.47 0.640 1.90 97.80 

        
y2001 Unmatched 0.033 0.015 5.56*** 0.000 11.20  

 
Matched 0.033 0.032 0.08 0.937 0.30 97.20 

        
y2002 Unmatched 0.145 0.162 -1.89* 0.059 -4.80  

 
Matched 0.145 0.148 -0.22 0.827 -0.70 84.50 

        
y2003 Unmatched 0.118 0.142 -2.79*** 0.005 -7.10  

 
Matched 0.118 0.118 0.05 0.957 0.20 97.50 

        
y2004 Unmatched 0.131 0.143 -1.44 0.149 -3.60  

 
Matched 0.131 0.131 0.02 0.988 0.10 98.50 

        
y2005 Unmatched 0.127 0.140 -1.47 0.143 -3.70 

 
 

Matched 0.127 0.128 -0.04 0.965 -0.10 96.00 

        y2006 Unmatched 0.137 0.138 -0.10 0.924 -0.20 
 

 
Matched 0.137 0.137 0.03 0.972 0.10 49.20 

        y2007 Unmatched 0.133 0.123 1.29 0.196 3.10 
 

 
Matched 0.133 0.133 -0.04 0.968 -0.10 95.50 

        y2008 Unmatched 0.137 0.125 1.48 0.139 3.60 
   Matched 0.137 0.135 0.15 0.877 0.50 84.90 

 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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CHAPTER 3 

THE IMPACT OF STATE CHILDREN’S HEALTH INSURANCE PROGRAM 

(SCHIP) EXPANSION ON HEALTH INSURANCE COVERAGE IN HAWAII: 

  EVIDENCE FROM THE CURRENT POPULATION SURVEY (CPS)95 

 

3.1 Introduction 

The purpose of this study is two-fold. First, this study assesses the impact of the 

initial State Children’s Health Insurance Program (SCHIP) expansion, which 

occurred in Hawaii effective July 1, 2000. It extended free public insurance 

coverage to all children ages 0 to 18 years residing in households with incomes 

not greater than 200 percent of the Hawaii-specific federal poverty level (FPL). 

Second, this study predicts take-up of public coverage and crowd-out of private 

insurance, which may have also occurred under the January 1, 2008 expansion of 

eligibility to children ages 0 to 18 residing in households with incomes between 

200 percent and 300 percent of the FPL.96 

Although many analysts have studied the impact of Medicaid and SCHIP 

eligibility expansions on program participation and private insurance coverage, 

no estimates are available for the impact of SCHIP expansion in Hawaii. This 

new study exploits the July 1, 2000 SCHIP expansion in Hawaii to estimate take-

up and crowd-out rates among newly-eligible beneficiaries. Estimates are based 

on nine calendar years (1998 to 2000 and 2003 to 2008) of the Current Population 

                                                
95  This paper is co-authored with Gerard Russo, Sang-Hyop Lee, Rui Wang, Thamana 
Lekprichakul and Abdul Jabbar. 
96 Specific rates of take-up and crowd-out of this second expansion are outside the scope of this 
analysis. However, estimated effects from the initial expansion are extrapolated to make 
assertions regarding subsequent expansions. 
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Survey (CPS) Annual Social and Economic Supplement (ASEC), as the CPS is the 

only survey that supports small-state state-level analysis appropriate for Hawaii.  

This study uses a difference-in-differences (DID) approach to sweep out 

non-policy-related insurance coverage changes among children. Prior to the 

implementation of SCHIP, children in Hawaii were eligible for free medical 

assistance under Medicaid financing per the following age-income criteria. 

Children under age 1 were eligible up to 185 percent of the Hawaii-specific FPL; 

children ages 1 to 5 up to 133 percent of the FPL; and children ages 6 to 18 up to 

100 percent of the FPL. On July 1, 2000, SCHIP was implemented in Hawaii as a 

Medicaid expansion and extended coverage to all children ages 0 to 18 up to 200 

percent of the FPL. Thus, children under age 1 residing in families with income 

greater than 185 percent of the FPL but not exceeding 200 percent of the FPL, 

children ages 1 to 5 in families with income between 133 percent and 200 percent 

of the FPL and children ages 6 to 18 in families with incomes between 100 

percent and 200 percent of the FPL became newly-eligible for free medical 

assistance under SCHIP effective July 1, 2000.  This treatment group is tracked 

during the survey years 1998 to 2000 before eligibility, and during the survey 

years 2003 to 2008 after eligibility. A combined control group is constructed for 

which eligibility criteria remained constant throughout the observation periods.  

This group includes low-income, Medicaid-eligible children ages 0 to 18, and 

children ages 0 to 18 residing in households with incomes greater than 300 

percent of the FPL. Both direct and model-based estimates of insurance coverage 

changes among children are produced. Model-based estimates are then used to 

project a response to increased eligibility up to 300 percent of the FPL. 
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According to administrative records, initial SCHIP implementation of July 

1, 2000 resulted in 17,750 Hawaii children actively enrolled in SCHIP by 

September 2007.  Based on the CPS, we estimate that 20 percent of newly-eligible 

children in Hawaii enrolled in SCHIP – a 20 percent take-up rate. Our crowd-out 

estimate indicates significant displacement of private insurance, with 87 percent 

of these newly SCHIP-enrolled children drawn from private plan rolls. Despite 

limitations to this analysis, this demonstrates a shift of coverage costs from 

households (and potentially, the private sector, through employer-sponsored 

insurance family plans) to the government and generates large public 

expenditures per newly-insured child.   

The current further expansion to 300 percent of the FPL is also likely to 

generate substantial crowd-out, as households drop private family coverage to 

enroll children in free public insurance.  Because of a number of factors, 

including Hawaii’s Prepaid Health Care Act of 1974, which mandates private 

sector employment-based coverage, lower middle-class and middle-class families 

in Hawaii are typically well-insured.  Using the 2008 CPS, we estimate that 

approximately 58,000 children ages 0 to 18 resided in families with incomes 

between 200 percent and 300 percent of the Hawaii-specific FPL and only 4,300 

of those children were without health insurance coverage.  As a result, a 

generous public expansion that takes all comers up to 300 percent of the FPL is 

likely to yield a relatively large number of privately-insured along with the 

uninsured.   

This paper is organized as follows: a review of the literature is presented 

in Section 2; Section 3 briefly describes SCHIP in Hawaii; Section 4 discusses data 
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and the empirical strategy employed; results are presented in Section 5; policy 

implications and limitations of the findings are outlined in Section 6; and Section 

7 concludes. 

 

3.2 Literature Review 

There are numerous analyses that estimate the impact of Medicaid and SCHIP 

expansion on insurance coverage. The focus of most studies is the measurement 

of crowd-out of private insurance caused by program expansion. This is 

essentially a treatment effect, as the insurance coverage that children targeted by 

the expansion would have had if not made newly-eligible for Medicaid or SCHIP 

is unobserved. Thus, the researcher is forced to rely upon the observed coverage 

outcomes of both eligible and ineligible children, both before and after the policy 

change, to measure any potential crowd out.  

 However, measurement of crowd-out resulting from expansions is 

empirically challenging for three reasons. The first and most serious problem is 

that health insurance trends change over time in response to factors unrelated to 

the expansion itself (e.g., changes in economic conditions affecting income or 

unemployment). If these changes are correlated with eligibility criteria for the 

expansion, this causes an endogeneity bias. Second, eligibility is not actually 

observed in the data sources employed; it must be imputed based on self-

reported income data, which may include measurement error. This possibility 

leads to what Yazici and Kaestner (2000) refer to as “contamination” of the data, 

whereby researchers incorrectly place children in the wrong group – eligible vs. 
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ineligible – based on an inaccurate measure of income.97 Finally, it is possible that 

any measured change in the effect of Medicaid/SCHIP expansion on insurance 

coverage is partially due to changes in enrollment of children who are ineligible 

for the expansion. For example, the parents of a non-expansion-eligible child 

with an expansion-eligible sibling may drop private coverage for both children, 

enrolling one for SCHIP and leaving the other uninsured.98 These spillover 

effects may thus bias the estimated crowd-out.  

 There are two main approaches in the literature to address endogeneity 

bias: instrumental variables (IV) estimation and difference-in-difference (DID) 

methodologies. Beyond this distinction, the definition of crowd-out, the data 

employed and the time period studied all impact the magnitude and significance 

of estimated crowd-out. These analytical differences make it difficult to compare 

crowd-out estimates across studies and further render a very wide range of 

crowd-out point estimates. All studies, unless otherwise specified, are on a 

national level. 

Using the 1988 to 1993 CPS, Cutler and Gruber (1996) are the pioneers to 

explore the impact of Medicaid expansion and its effect on private insurance. 

Controlling for demographics, state and year fixed effects, they instrument for 

endogenous Medicaid eligibility using an imputed indicator obtained by 

simulating eligibility for a random nationally-representative sample of children 

using the particular state’s Medicaid eligibility rules. When defining crowd-out 

as the reduction in private insurance relative to the increase in Medicaid 
                                                
97 Yazici and Kaestner (2000) demonstrate, however, that this bias can be eliminated with certain 
calculations of crowd-out. 
98 More generally, a policyholder may drop private coverage for herself and/or other family 
members when a dependent is made Medicaid-eligible. 
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coverage, Cutler and Gruber (1996) estimate a statistically significant crowd-out 

of 31 percent among children. Ham and Shore-Sheppard (2005) replicate the 

methodology of Cutler and Gruber (2005) using the 1986 to 1993 panels99 of the 

SIPP and a slightly modified imputed instrument. While they find no evidence of 

crowd-out, they demonstrate that differences in the sampling framework 

underlying the two surveys employed drive differences between their estimates 

and those of Cutler and Gruber (1996). Shore-Sheppard (2008) replicates Cutler 

and Gruber (1996) using the same data (CPS 1988 to 1993), but addressing several 

major critiques of their methodology. Conditioning additionally on state by year 

effects (thereby allowing for differences in coverage over time across state) 

produces only negligible differences from Cutler and Gruber’s (1996) original 

estimates. However, allowing for coverage by age to vary over time (i.e., 

including age by year effects) and for this interaction with state by year effects 

produces much smaller estimates than originally found. Shore-Sheppard (2008) 

thus finds crowd-out of only 3.4 to 6 percent. 

Lo Sasso and Buchmueller (2004) also use an IV approach, however, with 

three-stage least squares. Using the 1996 to 2000 CPS, they are the first to 

measure the impact of the SCHIP expansions. As in Cutler and Gruber (1996), 

they use nationally-representative simulated eligibility as an instrument, 

however, account for state by year fixed effects. SCHIP was specifically designed 

with policies to prevent crowd-out, and they further control for one key policy – 

mandatory wait times an income-qualifying child must be uninsured prior to 

gaining eligibility. Despite this control, Lo Sasso and Buchmueller (2004) still 

                                                
99 Excluding the 1989 panel due to early termination of the survey for that cohort. 
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estimate crowd-out100 of 31 percent amount among the full sample, and 11 

percent among the low-income sample.101 However, they demonstrate evidence 

of measurement error in self-reported insurance coverage. Because many states 

contracted SCHIP coverage with private insurers, and because the data 

employed are immediate following program implementation, there is suspected 

bias due to parents incorrectly reporting SCHIP coverage as private coverage. 

Accounting for this,102 they estimate crowd-out of 47 percent, similar to Cutler 

and Gruber (1996). 

Thorpe and Florence (1998) is the only analysis that falls outside the two 

main methodologies. They employ the 1989 to 1994 NLSY103 and define crowd-

out as the share of children who move from private coverage to Medicaid, but 

whose parents retain private coverage.104 Thorpe and Florence (1998) conclude 

that about 16 percent of the newly-enrolled in Medicaid result from a crowd-out 

of private coverage. However, given the evidence of spillovers found by Cutler 

and Gruber (1996), this is likely an underestimate of crowd-out, as some parents 

whose children became Medicaid-eligible likely dropped private coverage for 

themselves.  

Most recently, Shaefer, Grogan and Pollack (2009) use the 1996 and 2001 

panels of the SIPP and an approach identical to Gruber and Simon (2008), 

however employing bootstrapping methodologies to address non-normality of 
                                                
100 Measured by the ratio of the change in private group coverage to the change in SCHIP 
coverage, as erroneously-reported SCHIP coverage was most likely to be reported as private non-
group coverage. 
101 Neither estimate, however, is statistically significant. 
102 This is the estimated effect of SCHIP-eligibility on employer-sponsored coverage 
103 Excluding 1991 due to lack of health insurance data in that year. 
104 They hold that this is indication of children who became Medicaid-eligible, but who would 
otherwise have had private coverage from their parents. 
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standard errors. Shaefer et al. (2009) estimate crowd-out of 77 percent, which is 

within the range of Gruber and Simon (2008) when accounting for spillover 

effects. Ham, Ozbeklik and Shore-Sheppard (2011) employ the 1986 to 1993 SIPP 

and construct a nationally-representative simulated eligibility IV similar to those 

in other studies. However, their analysis differs in that they include interaction 

terms between simulated eligibility and various family characteristics to explore 

the difference in crowd-out among specific demographic groups, and they 

further employ switching probit models. Ham et al. (2011) estimate crowd-out 

rates of 2 to 12 percent, depending on family characteristics, magnitude of 

income eligibility expansion and the share within the respective demographic 

group that are initially privately insured. 

Alternative to the IV approach is a differences-in-differences (DID) 

approach, whereby changes in insurance coverage of the treatment group – 

children targeted by the expansion – are compared to those of a control group 

who are unaffected by the expansion (i.e., they remain ineligible even after the 

expansion). Table 3.1 describes the various studies using the DID approach, 

which is the methodology employed herein. Appropriate choice of control group 

is of utmost importance, as DID estimates in the current framework are only 

identified insofar as unmeasured, time-varying factors affecting insurance 

coverage identically impact both treatment and control groups. 

It is evident from Table 3.1 that studies employ a wide variety of control 

groups. Dubay and Kenney (1996) use low-income males ages 18 to 44, as they 

were unaffected by the Medicaid expansions, however their variation in private 

insurance coverage of over time is arguably very different than that of children. 
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Table 3.1. Estimates of Medicaid/SCHIP Crowd-out 
 

Author Data Methodology Measure of 
Crowd-out 

Crowd-out 
Among Children 

Cutler & Gruber 
(1996) 

CPS 
1988-1993 

(2SLS) IV using nationally-
representative simulated eligibility, 
with demographics, state, year; 
account for spillovers 

A and B 
A: 31%(without spillover) 
     40% (with spillover) 
B: 49% (without spillover) 

     
Dubay & Kenney 
(1996) 

CPS 
1988-1993 

DID; treatment: low-income children; 
control: low-income men ages 18 to 44 A 10% to 22% 

     

Thorpe and Florence 
(1998) 

NLSY 
1989-1994 

Estimated share of new Medicaid 
enrollees who had private coverage in 
previous year, and whose parents 
have private coverage 

% new Medicaid 
enrollees with 
privately covered 
parents 

16% 

     

Yazici & Kaestner 
(1999) 

NLSY 
1998 & 1992 

DID; treatment: already- and newly-
eligible children; control: never-
eligible children; controlling for 
coverage changes due to loss of 
income 

A and B 
A: 0% to 47% 
B: 34% to 65% 
(many not significant) 

     

Blumberg et al. 
(2000) 

SIPP 
1990 

DID using a series of LPM controlling 
for demographics, regional factors; 
treatment: low-income young 
children who became eligible; control: 
low-income older children always 
ineligible 

(%!Prob [private @ 
last int]) / (%!Prob 
[Medicaid @ last int]); 
starting with either 
private or no 
coverage 

None (sample starting    
           with no coverage) 
4% (full sample) 
23% (sample starting with  
         private coverage) 

 
(continued on next page) 

_________________________________________________________________________________________________________________________________ 
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Table 3.1. (continued) Estimates of Medicaid/SCHIP Crowd-out 
 

Author Data Methodology Measure of 
Crowd-out 

Crowd-outAmong 
Children 

Lo Sasso & Buchmueller  
(2004) 

CPS 
1996-2000 

(3SLS) IV using nationally-
representative simulated eligibility 
based on state*year, with 
demographics, state, year, wait times 

A 
11% (low-income) 
31% (full sample) 
(neither significant) 

Card & Shore-Sheppard  
(2004) 

SIPP 
1990-1993 

Regression-based DID, controlling for 
age, income, race and time; treatment: 
children just below income- & age-
eligibility limits; control: children just 
above limits 

A 

None (100%FPL  
           expansion) 
50% (doubly newly-  
         eligible for both 100%   
         and 133% expansions) 

     

Ham & Shore-Sheppard  
(2005) 

SIPP 
1986-1993 

(2SLS) IV using simulated eligibility 
based on all other states, with 
demographics, state, year; no account 
for spillovers 

A None 

     

Hudson et al. 
(2005) 

MEPS 
1996-2002 

Regression-based DID with simulated 
treatment: children who become 
eligible; and simulated control: 
children 300% to 500% FPL who 
remain ineligible; and 
(2SLS) IV using simulated eligibility 
based on average eligibility in all states 

A 

DID: 
29% (Medicaid expansion) 
56% (SCHIP expansion) 
IV: 
39% to 53% 

 
 

(continued on next page) 
_________________________________________________________________________________________________________________________________ 
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Table 3.1. (continued) Estimates of Medicaid/SCHIP Crowd-out 
 

Author Data Methodology Measure of 
Crowd-out 

Crowd-out 
Among Children 

Shore-Sheppard 
(2008) 

CPS 
1988-1993 

(2SLS) IV using nationally-
representative simulated eligibility, 
with demographics, state*year, 
age*state, age*year 

A and B A: 3.4% to 6% 
B: 32% to 59% 

Gruber and Simon 
(2008) 

SIPP 
1996 & 2001 

DID without any controls; treatment: 
children newly-eligible with income 
100-200% FPL; control: children <100% 
FPL, 200-300% FPL and 300-400% FPL 
who remain ineligible; and 
(2SLS) IV, same as Shore-Sheppard 
(2008) 

 A 

DID: 
62% (vs. 200-300% FPL) 
76% (vs. 300-400% FPL) 
111% (vs. <100% FPL) 
IV:  
20-24% (no spillovers) 
61-78% (with spillovers) 

Shaefer et al. 
(2009) 

SIPP 
1996 & 2001 

(2SLS) IV using nationally-
representative simulated eligibility, 
with demographics, state*year, 
age*state, age*year 

 A and B A: 77% 
B: 44-95% 

Dague et al. 
(2011) 

CPS 
2007-2010 

Regression-based DID, controlling for 
age, income, race, family 
characteristics; treatment: Wisconsin 
children <300%FPL; control: children 
<300% from other states 

A 100% (vs. rest of U.S.) to 
167% (vs. other Midwest) 

Ham et al. 
(2011) 

SIPP 
1986-1993 

Linear probability models with 
eligibility interactions; switching 
probit models; both with simulated 
eligibility 

 A 
2-12%, depending on 
demographic group and 
size of eligibility expansion 

 
Notes: A = (%! in private coverage) / (%! in Medicaid/SCHIP coverage); B = 1 – [(%! in uninsured)/(% ! in Medicaid/SCHIP coverage)]. 
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In their regression-based DID approach, Blumberg, Dubay and Norton’s (2000) 

choice of older low-income children whose age kept them ineligible for Medicaid 

as a control against their treatment group of younger low-income children whose 

age made them newly-eligible better satisfies the assumption of the model. 

Starting with all children from their 1988 and 1992 NLSY sample who remained 

ineligible for Medicaid after expansion, Yazici and Kaestner (2000) drop those 

they believe to be least similar in insurance coverage trends relative to the 

treatment group of newly-eligible low-income children. They drop children in 

families receiving Aid to Families with Dependent Children (AFDC) payments, 

as they are likely from the poorest households, and children whose mother had 

16 or more years of education, as they are likely from the richest households. The 

remaining ineligible children comprise their control group. While their method 

has merit, identifying children based on actual family income as a percent of FPL 

is a more direct and precise way to remove those least likely to be similar to the 

treatment group. 

Card and Shore-Sheppard (2004) employ children whose family income 

and age are just above eligibility limits as their control groups. This is potentially 

a poor choice of control. If the researcher assumes that income and age data are 

accurately measured and reported by survey respondents, when in fact, they are 

measured or reported with error, then children can be incorrectly assigned to the 

treatment or control group, thereby biasing estimates. Children whose reported 

income and age are very close to eligibility limits are particularly subject to this 
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contamination error. 105  Further, Card and Shore-Sheppard (2004) estimate 

separately the effects of expansions in two consecutive years: the first (OBRA 

1989) extending coverage to children up to age 6 in families with income below 

133 percent FPL; and the second (OBRA 1990) to children under age 6 with 

family income below 100 percent FPL. Thus, the contamination problem is 

confounded due to the close range in eligibility limits of the expansions 

analyzed. 

Hudson, Selden and Banthin (2005) use children from families with 

income between 300 and 500 percent FPL, thereby selecting children away from 

eligibility limits, but excluding those on the highest end of the income scale. 

Gruber and Simon (2008) compare changes in newly-eligible children with 

income 100 to 200 percent FPL against three control groups: children with 

income less than 100 percent FPL (always Medicaid-eligible); children with 

income 200 to 300 percent FPL; and children with income 300 to 400 percent FPL. 

Their control groups, however, actually contain children who become eligible 

through subsequent expansions that occurred over the course of their study 

period. 

In a study to estimate the crowd-out of private insurance by Medicaid and 

SCHIP expansions in Wisconsin from 2006 to 2009, Dague, DeLeire, Friedsam, 

Duo, Leininger, Meier and Voskuil (2011) use Wisconsin children from families 

with income below 300% of the FPL as the treatment group, and analogous 

children living in other states as controls (Minnesota; all Midwest states except 

Wisconsin; and all 49 other states). Using a linear probability model, they 

                                                
105 While age may be more or less reported with high accuracy, it is likely that income is not. 
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estimate crowd-out between 100 percent (using the rest of the U.S. as a control) 

and 167 percent (using the Midwest as a control).106 Dague et al. (2011), however, 

fail to account for Medicaid/SCHIP expansions that were implemented in other 

states during their observation period, which would render their specification of 

control groups inappropriate. 

In summary, existing studies employ various data sources, apply one of 

two estimation methodologies, select a variety of control groups when the DID 

approach is used, and result in no clear consensus on the rate of crowd-out 

caused by Medicaid/SCHIP expansions. No estimates are available for the 

impact of SCHIP eligibility expansion in Hawaii.   

 

3.3 SCHIP in Hawaii 

The State Children’s Health Insurance Program (SCHIP) is Title XXI of the Social 

Security Act.107  It was passed by Congress as part of the Balanced Budget Act of 

1997, which authorized the first ten years of the program.  The purpose of SCHIP 

is to provide funding to states and territories so that health insurance can be 

provided to uninsured low-income children.  It represents one of the few 

substantive public policy changes to the health insurance system to arise from 

the Clinton-era health reform debate.  The Bush Administration was critical of 

the program – particularly the potential for crowd-out among median income 

families – and on August 17, 2007, instructed CMS to issue letters to all State 

Health Directors that effectively curtailed expansions beyond 250 percent of the 
                                                
106 Like the Hawaii sample, the Wisconsin CPS sample is relatively small and is a possible cause 
for large confidence intervals. 
107 See the Social Security Administration official site.  
http://www.ssa.gov/OP_Home/ssact/title21/2100.htm 
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FPL.108  President Bush also vetoed the major reauthorization bill and the SCHIP 

program received temporary authorization through spring 2009 only.  

Proponents of the SCHIP program welcomed the November 2008 election results 

and favorable actions by the new Congress and President in 2009.  On February 

4, 2009, President Obama signed into law the State Children’s Health Insurance 

Program Reauthorization Act of 2009 (CHIPRA, Public Law 111-3), which 

extended SCHIP funding through federal fiscal year 2013.109   The Affordable 

Health Care Act (ACA) 2010 further extended SCHIP funding through federal 

fiscal year 2015.110 The Obama Administration also directed CMS to withdraw 

the restrictive letter of August 17, 2007 to State Health Directors.111  Although 

state budgets are under severe stress, many States, including Hawaii, have 

continued – with generous federal assistance – to vigorously pursue SCHIP 

enrollment.  

To States that participate and expand health insurance coverage to 

children, the Federal government provides generous matching funds under the 

flat rate formula specified by the Enhanced Federal Medical Assistance 

Percentage (FMAP).  The Enhanced FMAP for Hawaii for Federal Fiscal Year 

(FFY) 2011 (i.e., October 1, 2010 through September 30, 2011) is 66.25 percent.112  

Hawaii enhanced FMAP is approximately 70% throughout the period analyzed 
                                                
108 See testimony by Director Dennis G. Smith before the Committee on Finance, Subcommittee on 
Healthcare, Wednesday, April 9, 2008.  
http://www.hhs.gov/asl/testify/2008/04/t20080409c.html#_ftn5  
109 See the Government Printing Office official site. http://www.gpo.gov/fdsys/pkg/PLAW-
111publ3/pdf/PLAW-111publ3.pdf  
110 The Affordable Care Act 2010 refers to the Patient Protection and Affordable Care Act of 
March 23, 2010 as amended by the Health Care and Education Reconciliation Act of March 30, 
2010.   
111 See the Presidential Memorandum.  
http://www.gpoaccess.gov/presdocs/2009/DCPD200900059.pdf 
112 See http://aspe.hhs.gov/health/fmap11.htm . 
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in this paper. This is a significant direct federal subsidy of health insurance for 

children and a mechanism to bring federal dollars to the Hawaii health system. 

As a second-order effect, an additional indirect federal subsidy is also 

realized to the extent that households and firms in Hawaii are able to reduce 

their federal tax liability by deducting state tax payments to support the State’s 

share of SCHIP.  For households, this will be realized if they itemize their federal 

deductions and thereby deduct their state income taxes from their federal income 

taxes, which will be the case for most homeowners taking the mortgage interest 

deduction allowed under federal tax rules to owner-occupied housing.  In this 

way, the State’s share of SCHIP is also subsidized in part by federal taxpayers.  

Under SCHIP, States have the option of administering the program as a 

Medicaid expansion, as a stand-alone SCHIP program, or as a combination of the 

two.  In Hawaii, SCHIP is administered as a Medicaid expansion, while the 

Hawaii Medicaid program itself operates with a Section 1115 demonstration 

waiver113 under the acronym QUEST (Quality care, ensuring Universal access, 

encouraging Efficient utilization, Stabilizing costs, and Transforming the way 

health care is provided to public clients).  QUEST is a managed care and 

managed competition approach to health insurance, with coverage for able-

bodied beneficiaries outsourced to the private insurers and health plans, while 

the aged, blind and disabled beneficiaries – until recently – have remained under 

the traditional Medicaid fee-for-service payment scheme.  Thus, in the data 

                                                
113 Section 1115 of the Social Security Act allows the U.S. Secretary of Health & Human Services to 
authorize experimental delivery, payment and financing schemes for state Medicaid programs.  
See https://www.cms.gov/MedicaidStWaivProgDemoPGI/01_Overview.asp . 
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employed, able-bodied SCHIP children become QUEST beneficiaries and 

disabled SCHIP children become Medicaid fee-for-service beneficiaries.  

Children covered by private sector insurance, children eligible for family 

insurance under a state government employee plan and children eligible for 

Medicaid are ineligible for SCHIP.  These provisions are specifically designed to 

prevent federal financing from displacing private and state financing for 

children.  However, because SCHIP in Hawaii operates as a Medicaid expansion 

rather than a separate, stand-alone program, the usual restrictions do not apply.  

The distinction is an important one because SCHIP, as a stand-alone program, is 

not an entitlement and states are able to discriminate on the basis of other 

coverage, forcing families to wait long periods after dropping private insurance 

before obtaining SCHIP coverage for their children. Furthermore, children of 

State employees with access to group family plans with at least partial financing 

from their State government are explicitly excluded by the federal SCHIP 

legislation and are therefore prohibited from enrolling. However, Hawaii SCHIP 

as a Medicaid expansion is, in fact, an entitlement program and children in 

families that meet the income eligibility criteria without regard to family assets 

are entitled to enroll without any wait period.  This includes families with 

household members who are state employees with private family coverage as an 

employment benefit option. Thus, crowd-out prevention mechanisms built into 

SCHIP eligibility rules do not apply to Hawaii SCHIP as a Medicaid expansion.  
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3.4 Data and Empirical Strategy 

3.4.1 Current Population Survey Data 

The current study employs the Hawaii sample of the 1998 to 2008 Current 

Population Survey Annual Social and Economic Supplement (CPS ASEC, or CPS 

March Demographic Supplement) to estimate the insurance coverage of children 

ages 0 to 18 residing in Hawaii. While longitudinal surveys 114  have the 

advantages of observing changes in insurance coverage and more recent reference 

periods, their small sample size and lack of identification of small states prohibit 

their use for this analysis. The CPS is the only survey that supports small-state, 

state-level analysis and contains detailed family income data that permits 

application of the Hawaii-specific poverty guidelines determined by the U.S. 

Department of Health & Human Services (HHS). It is thus the best-available data 

source to achieve the goals of this study. The transition years of 2001 and 2002 

are excluded from this analysis. Additionally, survey years prior to 1998 are also 

excluded, as the Hawaii SCHIP program was not yet fully implemented, and 

because coverage patterns during those years reflect an earlier Medicaid 

expansion and contraction from the mid-1990s. 

Original tabulations are produced based on these underlying survey data, 

and national estimates of the CPS ASEC 2005 to 2008 (as released by the U.S 

Census Bureau) are produced to reflect corrections and revisions of earlier 2005 

to 2006 data releases. Additionally, historical raw CPS ASEC data for survey 

years 1997 to 2004 are corrected. The Census Bureau recodes insurance 

information for individuals whose responses are either inconsistent with the 

                                                
114 Such as the SIPP, NLSY and MEPS. 
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family coverage or are altogether missing, in which case a ‘hot deck’ procedure is 

applied. However, because earlier Census Bureau computer algorithms 

incorrectly classify some individuals as uninsured when in fact they are covered 

under another household member’s family plan, 115  insurance coverage 

information for affected observations has been recoded per instructions provided 

by the Census Bureau.116 These revisions are relatively substantial for Hawaii. In 

particular, the overall Hawaii uninsured rate for calendar year 2004 (CPS ASEC 

2005) is revised downward from 9.6 percent to 8.3 percent as a result of recoding.  

All results reported herein reflect the latest revisions and recodes. 

 

3.4.2 Medicaid/SCHIP Eligibility Imputation 

Income eligibility for public health insurance programs that target low-income 

families (i.e., Medicaid and SCHIP) is determined using the U.S. Department of 

Health & Human Services (U.S. HHS) Federal Poverty Guidelines. This is to be 

distinguished from the Census Bureau poverty thresholds, which follow the 

Office of Management and Budget’s (OMB) Statistical Policy Directive 14.  Both 

are commonly referred to as the federal poverty line or federal poverty level 

(FPL), but these terms are imprecise.  The distinction is quite important for 

Hawaii.  As an example, when the Census Bureau publishes CPS estimates of the 

number of uninsured low-income children, research staff follow the OMB 

directive and apply identical thresholds throughout the 50 States and the District 

of Columbia to produce estimates.  Although the fundamental definition of 

                                                
115 See Lee and Stern (2007) for discussion. 
116 http://www.census.gov/hhes/www/hlthins/data/usernote/index.html  
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poverty is, overall, only slightly different between the U.S. HHS and the Census 

Bureau, the geographic uniformity of the Census Bureau’s operational definition 

renders large differences for Hawaii and Alaska, which have more generous 

definitions under U.S. HHS Federal Poverty Guidelines. This is demonstrated for 

2010 in Table 3.2. 

 

Table 3.2. 2010 U.S. HHS Poverty Guidelines, by Family Size 
 

Family Size Hawaii 
Annual Family Income 

48 Contiguous States & D.C. 
Annual Family Income 

1 $12,460  $10,830  
2 $16,760  $14,570  
3 $21,060  $18,310  
4 $25,360  $22,050  
5 $29,660  $25,790  
6 $33,960  $29,530  
7 $38,260  $33,270  
8 $42,560  $37,010  

 
Notes: For Hawaii family size more than 8 persons, add $4,300 for each additional person.  For 
U.S. Mainland family size more than 8 persons, add $3,740 for each additional person. Alaska has 
separate rates that are higher than those for Hawaii. 

 
 

To illustrate the effect on Hawaii concretely, we compare our estimates to 

those of the Census Bureau. Table 3.3 shows the CPS-weighted population 

counts and uninsured rates for the control and treatment groups by program 

eligibility. The Census Bureau reports that approximately 90,000 Hawaii children 

resided in families with incomes at or below 200 percent FPL in 2007 based on 

the 2008 CPS ASEC.117   Table 3.3 demonstrates that applying the Hawaii- 

                                                
117 See online tables from the Census Bureau.  
http://www.census.gov/hhes/www/macro/032008/health/h10_000.htm 
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Table 3.3. Hawaii Uninsured Children, Ages 0 to 18, by Eligibility: CPS 1998 – 2008 

Survey 
Year 

Medicaid Eligible SCHIP Eligible >200% - 300% FPL >300% FPL 

Total 
Children 

Uninsured Total 
Children 

Uninsured Total 
Children 

Uninsured Total 
Children 

Uninsured 
Count Rate Count Rate Count Rate Count Rate 

1998 94,257 4,805 5.10% 57,511 4,704 8.18% 76,887 3,668 4.77% 79,631 3,865 4.85% 
1999 82,191 6,401 7.79% 73,919 15,766 21.33% 47,836 4,399 9.20% 125,447 5,338 4.26% 
2000 93,915 22,095 23.53% 81,813 5,311 6.49% 42,922 1,151 2.68% 130,850 4,521 3.46% 
2001 72,227 13,216 18.30% 61,884 4,676 7.56% 70,058 3,665 5.23% 113,783 4,499 3.95% 
2002 90,904 10,794 11.87% 78,827 6,702 8.50% 63,334 5,413 8.55% 93,887 4,711 5.02% 
2003 84,671 9,674 11.43% 69,349 5,583 8.05% 62,647 6,718 10.72% 123,878 3,068 2.48% 
2004 81,900 9,454 11.54% 58,960 4,668 7.92% 71,942 3,934 5.47% 114,279 5,359 4.69% 
2005 57,936 4,324 7.46% 62,631 1,637 2.61% 65,664 3,085 4.70% 116,231 2,676 2.30% 
2006 63,794 5,536 8.68% 56,240 3,384 6.02% 73,118 4,752 6.50% 127,020 4,023 3.17% 
2007 61,547 8,538 13.87% 58,818 4,887 8.31% 75,011 3,063 4.08% 114,634 4,498 3.92% 
2008 63,610 4,406 6.93% 63,208 3,668 5.80% 58,252 4,308 7.40% 119,700 2,594 2.17% 

 
Notes: Hawaii low-income children ages 0 to 18 are eligible for free medical assistance under the State's Medicaid program, either through the 
basic Medicaid or SCHIP financing. In both cases, able-bodied children become QUEST beneficiaries. Eligibility for pregnant women and children 
follows national standards for the basic Medicaid program: pregnant women and newborns are income eligible up to 185% FPL; children ages 1 to 
5 are eligible up to 133% FPL; and children ages 6 to 18 are eligible up to 100% FPL. In Hawaii, the State Children's Health Insurance Program 
(SCHIP) is administered as a Medicaid expansion and covers all children up to 200% FPL without regard to family assets. Thus, the Hawaii SCHIP 
program captures newborns residing in families with income >185% to 200% FPL, children ages 1 to 5 with income >133% to 200% FPL and 
children ages 6 to 18 with income >100% to 200% FPL. Throughout, eligibility is determined by the generous Hawaii-specific U.S. Department of 
Health & Human Services (HHS) Federal Poverty Guidelines. Income data are based on the family unit. SCHIP eligibility is based on the original 
expansion of July 1, 2000. 
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specific U.S. HHS Federal Poverty Guidelines for 2007 to the same raw data, 

(2008 CPS ASEC) yields an estimated 126,818 children who reside in families at 

or below 200 percent of poverty in 2007 (the sum of Total Children in the 

Medicaid and SCHIP categories for CPS Survey Year 2008 in Table 3.3). As a 

consequence, the Census Bureau estimates 6,000 uninsured children at or below 

200 percent of poverty in 2007, while we estimate 8,000 uninsured children at or 

below 200 percent of poverty. All estimates reported herein are based on the 

Hawaii-specific U.S. HHS Poverty Guidelines applied appropriately for each 

year of data analyzed to determine eligibility for Medicaid and SCHIP. 

 

3.4.3 Empirical Strategy 

We first calculate direct DID estimates based on weighted tabulations of the 

survey data. We estimate the effect of the initial Hawaii SCHIP expansion on 

three insurance categories: uninsured, state-administered public insurance (i.e., 

Medicaid, QUEST or SCHIP) and private and other insurance.  We then move to 

a model-based DID approach, employing a multinomial logit regression model 

to estimate the probability that a child will fall into one of the three coverage 

categories. 

The private insurance category includes employment-based group 

coverage for private and public sector workers, private non-group coverage, 
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coverage to military families under CHAMPUS/TRICARE 118 and an 

inconsequential number of children covered under Medicare as dependents. 

Although the dominant type of insurance in the third category is private, our 

estimates of crowd-out will potentially capture movement from any of these 

private and other plans as described to the state-administered program, in 

particular, SCHIP. 

Within the CPS, interviewees are permitted to provide multiple responses 

to the insurance coverage questions and therefore, coverage categories are not 

mutually exclusive in these data.  If household members indicate dual coverage, 

we consider Medicaid/QUEST/SCHIP the primary source and thereby configure 

the data as mutually exclusive categories for purposes of this analysis.  Medicaid 

survey responses are generally an undercount of actual Medicaid enrollment, as 

indicated by administrative records.  Therefore, our procedure is unlikely to bias 

enrollment upwards. Other studies have typically addressed this problem by 

estimating separate binomial logit, probit and linear probability models for 

public and private insurance.119 Under the current approach using a multinomial 

logit model, the probabilities of coverage across insurance types and of being 

uninsured are restricted to sum to one for each individual. Given the small 

 

                                                
118 TRICARE is a series of health plans that provide coverage to the dependents of active and 
retired military personnel and their survivors.  TRICARE Standard was formerly known as 
Civilian Health and Medical Program of the Uniformed Services (CHAMPUS) when the military 
health system insurance for civilians ran primarily as a fee-for-service scheme.  These plans 
generally cover 3 to 4 percent of the population nationwide. However, due to the presence of a 
large military complex in Hawaii, 8 to 9 percent of the resident population derives coverage from 
TRICARE and, therefore, represents an important form of coverage for children. See the 
following site for a description of military health insurance: http://tricare.mil/ (last accessed 23 
October 2011). 
119 Blumberg et al. (2000). 
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Table 3.4. Variable Description 

Variable Description 
Dependent Variablesa   
Private* Child is covered by any private plan, including CHAMPUS/TRICARE 
Medicaid/SCHIP* Child is covered by Medicaid/QUEST or SCHIP 
Uninsured*† Child has no insurance coverage 
Explanatory Variables 
Age Age in years 
Age2 Age squared 
Age3 Age cubed 
Male* Child is male 
Household income Sum of all individuals living in household, as a percent of FPL 
Household income2 Household income squared 
Household income3 Household income cubed 
Honolulu* Child lives in the City & County of Honolulu  
Non-Honolulu*† Child lives in another county (Hawaii, Maui or Kauai) 
White* Child is white, no other race/ethnicity 
Non-white*† Child is any other race/ethnicity (Hispanic, black, Asian or other) 
Excellent health* Parent reports child is in excellent health 
Very good health* Parent reports child is in very good health 
Good health* Parent reports child is in good health 
Bad health*† Parent reports child is in fair or poor health 
Workers Number of adult workers in household 
College* Highest degree earned in household is college degree 
High school* Highest degree earned in household is high school diploma 
No degree*† No one in household completed high school 
Children Number of children in household 

 
* Dummy variable 
† Benchmark group 
a All categories are mutually exclusive 
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sample associated with a single state, this parsimonious approach seems the 

most reasonable way to proceed.  

Table 3.4 describes the control variables included in the multinomial logit 

regression. These individual and family characteristics are very similar to those 

specified in other analyses.120 Also included are dummy variables: “Treatment,” 

indicating the treatment group (the newly-eligible SCHIP children based on our 

income classification), “Time” (before and after SCHIP implementation) and 

“DID,” the interaction between treatment and time. This last dummy is the 

variable of interest, as it estimates the difference-in-differences: the difference 

between treatment and control groups in the change in insurance coverage from 

the period before SCHIP expansion to the period after expansion. 

We construct a treatment group, for which income eligibility criteria 

changed throughout the observation periods, and a control group, for which 

eligibility criteria remained constant. These criteria are illustrated in Figure 3.1. 

We observe the treatment group – comprised of children aged one year or less in 

families with income between 185 to 200 percent of FPL, children aged one to 

five years with family income between 133 to 200 percent of FPL and children 

aged six to 18 years in families with income between 100 to 200 percent FPL – 

both before and after the SCHIP expansion effective July 1, 2000. We define the 

CPS 1998 to 2000 as the “before” SCHIP period and the CPS 2003 to 2008 as the 

“after” SCHIP period, omitting the transition years 2001 and 2002. 

 
 

                                                
120 Cutler and Gruber (1996), Blumberg et al. (2000), Card and Shore-Sheppard (2004), Lo Sasso 
and Buchmueller (2004), Hudson et al. (2005), Shore-Sheppard (2008) and Gruber and Simon 
(2008). 
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Figure 3.1. Treatment and Control Groups, Defined by Program Eligibility 

 

We utilize children in families with income above 300 percent of the FPL 

plus the Medicaid/Quest-eligible children for our control group. By pooling the 

low-income and high-income children we are able to better balance the sample 

over the three categories of insurance coverage (public, private and uninsured) 

and strengthen our estimates.  We omit children in families with incomes 

between 200 and 300 percent of the FPL – the target of the most recent SCHIP 

expansion effective January 1, 2008 – because this expansion program to these 

higher-income children has actually had starts and stops since 2006, and their 

inclusion would thereby contaminate our results.  This renders a sample from the 

pooled cross-section of 5,232 children residing in 2,451 households. 

Table 3.5 displays covariate means by sample group. The first two 

columns are for the overall treatment and control groups, respectively. The third 

and fourth columns disaggregate the control group into its two components: 

ControlLOW consists of the Medicaid-eligible children, while ControlHIGH consists  
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Table 3.5. Covariate Means, by Treatment Group 

Variable Treatment ControlTOTAL ControlLOW ControlHIGH 
Age 9.505 8.698 7.038 9.814 

 
(0.164) (.109) (.170) (.135) 

Male 0.536 0.527 0.532 0.523 

 
(0.014) (0.008) (0.014) (0.010) 

Household income 1.540 3.490 0.612 5.424 

 
(0.012) (0.080) (0.014) (0.915) 

Honolulu 0.73 0.740 0.680 0.780 

 
(0.190) (0.011) (0.020) (0.012) 

White 0.157 0.181 0.176 0.176 

 
(0.144) (0.009) (0.154) (0.154) 

Excellent health 0.400 0.434 0.367 0.479 

 
(0.021) (0.012) (0.020) (0.0145) 

Very good health 0.315 0.326 0.324 0.326 

 
(0.019) (0.111) (0.019) (0.013) 

Good health 0.266 0.220 0.274 0.183 

 
(0.019) (0.010) (0.018) (0.011) 

Fair health 0.019 0.019 0.034 0.009 

 
(0.005) (0.003) (0.007) (0.002) 

Workers 1.439 1.549 0.915 1.974 

 
0.034 (0.023) (0.031) (0.026) 

College 0.565 0.697 0.415 0.887 

 
(0.022) (0.012) (0.020) (0.010) 

High school 0.429 0.284 0.540 0.113 

 
(0.022) (0.012) (0.020) (0.010) 

Children 2.640 2.237 2.578 2.008 
  (0.067) (0.032) (0.062) (0.031) 

 
Notes: The treatment group is comprised of SCHIP-target children residing in families with 
incomes between the age-specific Medicaid-eligibility levels and 200% FPL; ControlLOW is 
comprised of children residing in families with incomes within the age-specific Medicaid-
eligibility levels; ControlHIGH is comprised of children residing in families with incomes above 
300% FPL; ControlTOTAL pools both ControlLOW and ControlHIGH. Percent of FPL is determined by 
applying the Hawaii-specific U.S. HHS Poverty Guidelines to the child’s household income. 
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of the children in families with income greater than 300 percent of the FPL. As 

expected, the children in ControlLOW are distinctly different in these covariates 

from the children in ControlHIGH, however, as a pooled control group, they are, 

on average, relatively similar to the children in the treatment (SCHIP target) 

group with respect to most regressors. Children in the target group, however, 

still sizably differ from those in the control group in terms of household income. 

The average child in the treatment group resides in a household with income 154 

percent of the FPL, while the average child in the control group resides in a 

household with income of nearly 350 percent of the FPL.121 Children in the 

control group more often reside with adults of higher educational attainment, as 

69.7 percent of all children in this group live with a college graduate, as 

compared to only 56.5 percent of the treatment group. Finally, children in control 

group come from smaller families, with an average of 2.24 children in the family, 

as compared to 2.64 children in treatment group families. 

Our regression-based DID estimates are produced using a multinominal 

logit model that predicts the probability of insurance coverage choice based on 

the estimated effects of relevant parameters. For each observation, the 

probability of choosing each of private coverage, Medicaid/SCHIP coverage and 

no coverage (j = 0, 1, 2) is modeled given Xi , a vector of the set of demographic 

characteristics listed above, as well as the Treatment, Time and DID dummy 

variables. The estimated probability of choosing either Medicaid/SCHIP or no 

coverage is given by  

                                                
121 This is reflective of the relative sizes of each control sub-group, as there are more children in 
ControlHIGH than in ControlLOW. 
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    , j = 1, 2  .            (3.1) 

 

The probability summation restriction therefore implies that the probability of 

private coverage, the benchmark insurance group, is given by 

 

         .        (3.2) 

 

As required with the multinomial logit model, coverage choice is not perfectly 

predicted by any combination of the regressors.  

The coefficients of interest are those on the DID dummy variables, as their 

sign and significance demonstrate an effect of the SCHIP expansion on a parent’s 

probability of having a particular type of insurance coverage. The estimated 

marginal effects of the DID variable are then used to calculate the take-up of 

Medicaid/SCHIP and crowd-out of private coverage caused by the expansion.  

 

3.5 Results 

3.5.1 Direct Difference-in-Differences 

The distribution of insurance coverage by treatment group before and after 

SCHIP expansion in Hawaii is illustrated in Table 3.6. The last row of the table,  

 

Pr Yi = j |Xi( ) = eβ j 'Xi

1+ eβ j 'Xi
k=1

j

∑

Pr Yi = 0 |Xi( ) = 1

1+ eβ j 'Xi
k=1

j

∑
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Table 3.6. Direct Difference-in-Differences 

Group 

CPS Survey Year 

Before Expansion After Expansion 

Private Medicaid/ 
SCHIP Uninsured Private Medicaid/ 

SCHIP Uninsured 

Control 65.66% 26.58% 7.76% 70.99% 23.73% 5.68% 

 (2.93) (2.86) (1.46) (1.27) (1.22) (0.59) 
Treatment 76.94% 10.97% 12.09% 65.90% 27.65% 6.45% 

 (4.35) (3.01) (3.40) (2.30) (2.17) (1.21) 
DIDDIRECT       -16.37% 19.53% -3.56% 

 
Notes: “Before Expansion” includes CPS survey years 1998 to 2000; “After Expansion” includes 
CPS survey years 2003 to 2008. The treatment group is comprised of SCHIP-target children 
residing in families with incomes between the age-specific Medicaid-eligibility levels and 200% 
FPL. The control group is comprised of children residing in families with incomes within the age-
specific Medicaid-eligibility levels, plus children residing in families with incomes above 300% 
FPL. Private coverage includes employer-sponsored and other group insurance, non-group 
insurance, CHAMPUS/TRICARE, and an insignificant number of children covered by Medicare. 
 
 

DIDDIRECT, is the unadjusted difference-in-difference estimate for each insurance 

category; it represents the estimated difference in insurance coverage between  

treatment and control groups as a result of the SCHIP expansion. The DIDDIRECT 

for Medicaid indicates a direct take-up rate of 19.53 percent among the target 

group as a result of SCHIP expansion from 1998 to 2008. The DIDDIRECT for the 

uninsured rate – a decrease of 3.56 percent – indicates that over the time period 

analyzed, the initial SCHIP expansion appears to have demonstrated success in 

capturing uninsured children within the targeted group and getting them 

covered. However, over the same period, private insurance coverage fell among 

children in the treatment (SCHIP target) group, while it increased among 
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children in the control group. 122 The estimated direct crowd-out rate of private 

insurance as a result of the SCHIP expansion is thus 16.37/19.53 = 83.82 percent.  

During the post-expansion years analyzed, Hawaii’s macroeconomy 

experienced great change. Gross state product grew steadily from 2003 to 2004, 

but stagnated in 2005 and declined from 2006 to 2008. While the unemployment 

rate declined slightly from 2003 to 2007, it more than doubled from 2.3 percent in 

2007 to 5.2 percent in 2008 (UHERO, 2011).  Personal income grew over 8 percent 

in 2004 and 2006, but this growth slowed to 7 percent and 5 percent in 2007 and 

2008, respectively.  

 

3.5.2 Model-Based Difference-in-Differences Estimates 

The estimated coefficients for predicting Medicaid/SCHIP coverage and no 

insurance coverage are presented in Table 3.7. As should be the case, the 

household income variables are both significant determinants of coverage type. 

Higher income decreases the probability of both Medicaid/SCHIP coverage 

(beyond a certain point, due to income restrictions) and no insurance coverage 

(as higher-income parents pick up family plans). White children and children 

living outside of the City and County of Honolulu (i.e. in Hawaii, Maui and 

Kauai counties) are also less likely to have Medicaid/SCHIP or be uninsured. 

While health status only mildly affects the probability of being uninsured, it 

doesn’t have any statistically significant impact Medicaid/SCHIP coverage; it is 

unlikely that a parent who doesn’t sign up for coverage – but who nonetheless  
                                                
122 Calculating the change in insurance coverage for each individual control sub-group (Medicaid-
eligible children and children with incomes greater than 300 percent FPL) indicates that the 
observed increase in private coverage among the pooled control group is caused by an increase in 
private coverage among children in the higher income sub-group. 
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Table 3.7. Multinomial Logit Regression Coefficients 

 
Uninsured Medicaid/SCHIP 

Treatment -0.239 -1.451*** 

 (0.389) (0.340) 
Time -0.196 -0.002 

 (0.253) (0.189) 
DID -0.219 1.181*** 

 (0.451) (0.366) 
Age 0.017 0.062* 

 (0.055) (0.035) 
Age2 0.001 -0.003* 

 (0.003) (0.002) 
Male 0.006 0.136 

 (0.139) (0.095) 
Household income -0.935*** -1.395*** 

 (0.169) (0.195) 
Household income2 0.078*** 0.126*** 

 (0.024) (0.043) 
Household income3 -0.002** -0.003* 

 (0.001) (0.002) 
Honolulu -0.514** -0.760*** 

 (0.211) (0.148) 
White -0.504** -0.516*** 

 (0.251) (0.193) 
Excellent health -0.953* -0.518 

 (0.525) (0.473) 
Very good health -0.996* -0.415 

 (0.526) (0.474) 
Good health -0.871* -0.039 

 (0.530) (0.477) 
Workers 0.038 -0.157 

 (0.128) (0.096) 
College -1.525*** -0.332 

 (0.584) (0.603) 
High school (-1.076)* 0.162 

 (0.566) (0.602) 
Children -0.152 0.133** 

 (0.132) (0.062) 
Constant 2.295*** 1.900** 
 (0.845) (0.768) 
F-statistic 18.67 18.67 
P > F 0.0000 0.0000 

Note: Standard errors in parentheses. 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
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qualifies for coverage – would choose to sign up only when their child is in sub-

optimal health. Further, except in the extreme cases in which a child is blind or 

disabled, health status of children is not a determinant of eligibility. Educational 

attainment is only statistically significant in determining the probability of a 

child being uninsured, and children from families with a higher number of 

children have a statistically significant higher probability of having 

Medicaid/SCHIP coverage. 

 The key results here, however, are the coefficients on Treatment, Time and 

DID. Over the time period of the analysis, there is a negative overall decline in 

the probability of children in Hawaii being uninsured (coefficient on Time in the 

Uninsured column), and nearly no change in the probability of Medicaid/SCHIP 

coverage. These estimates, however, are not statistically significant at acceptable 

levels. However, the highly statistically significant coefficient on the treatment 

indicator demonstrates that being in the SCHP target group has a large and 

negative impact on the probability of a child having Medicaid/SCHP coverage 

relative to being in the control group. This results because the control group 

consists partially of children who are Medicaid-eligible. Thus, at any given point 

in time during the years of study, a child who is Medicaid-eligible has a higher 

probability of Medicaid/SCHIP coverage relative to a child in the income gap 

group (age-specific income levels  between Medicaid eligibility cut-offs and 200 

percent FPL). The positive and highly statistically significant difference-in-

difference effect, however, indicates that, relative to children in the control 

group, the probability of Medicaid/SCHIP coverage among children in the 

treatment group increased as a result of the SCHIP expansion. This is evidence 
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indicating the efficacy of the expansion in reaching out to this target group. 

While the expansion is further demonstrated to reduce the probability of a child 

in the treatment group being uninsured relative to a child in the control group 

(coefficient on DID in the Uninsured equation), this finding is not statistically 

significant. 

As done in previous studies,123 our model-based difference-in-differences 

estimates are produced using the marginal effects of the regressors.124 As is 

standard practice with most non-linear regressions, the marginal effects are 

evaluated at covariate means, as predictions made away from the means are 

problematic. Marginal effects for the dummy variables of interest are presented 

in Table 3.8, alongside the direct DID estimates from Table 3.6 (column 4) for 

comparison. These regression-based DID estimates indicate significant changes 

in Medicaid/SCHIP and private coverage. As shown in the DIDREG column, we 

find that about 20 percent of SCHIP-eligible children enrolled for public health 

insurance over the period of observation.  This increased public coverage, 

however, was accompanied by a 17.4 percentage point decline in private 

insurance coverage among the target population, implying a crowd-out rate of 

about 87 percent.  That is, out of every 100 children newly-enrolled in SCHIP, 87 

children drop private coverage. These estimated changes are statistically  
                                                
123 Ghosh (2011). 
124 Ai and Norton (2003) demonstrate that the marginal effects – as usually computed – of 
interaction terms used as regressors in non-linear models are imprecise, conditional on the other 
regressors and have significance not testable using traditional t-tests. They provide a consistent 
estimator and its asymptotic variance for interaction terms used in non-linear models. Further, 
Athey and Imbens (2006) characterize nonparametric identification of difference-in-difference 
models and provide a consistent estimator for a general changes-in-changes analysis. However, 
neither correction is applicable to the multinomial logit model. While preliminary programs exist 
that attempt to extrapolate the estimator of Ai and Norton (2003) to the multinomial logit model 
(http://www.stata.com/statalist/archive/2010-03/msg01664.html), their validity is not 
theoretically verified.  
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Table 3.8. Regression-Based Difference-in-Differences 

  Treatment Time DIDREG DIDDIRECT 
Private Insurance 14.94%*** 1.04% -17.38%*** -16.37% 
Medicaid/SCHIP 14.60%*** 0.18% 19.93%*** 19.53% 

Uninsured -0.34% -1.22% -2.53% -3.56% 
*** Significant at 1% level. ** Significant at 5% level. * Significant at 10% level. 
 

 

significant and are very similar to the direct estimates. We find no statistically 

significant change in the number of uninsured children, although the point 

estimate indicates a 2.5 percentage point decline over the time period analyzed.  

Taken at face value, our point estimates imply that of the 17,750 Hawaii children 

enrolled in SCHIP as of September 2007, only 2,308 children were previously 

uninsured, while 15,442 children previously had private coverage. 

 

3.6 Policy Implications and Limitations 

We find that the initial Hawaii SCHIP expansion to 200 percent of the FPL 

enrolled approximately 20 percent of the eligible children, with 87 percent of 

those dropping private insurance coverage. We expect that the further SCHIP 

expansion to 300 percent of the FPL – implemented effective January 1, 2008 – 

will generate excessive crowd-out of private insurance coverage due to four 

unique features of the Hawaii health care financing system.  

First, the Hawaii SCHIP program is administered as a Medicaid expansion 

and, as such, is an entitlement program that lacks many of the crowd-out-

mitigating provisions federal regulations afford stand-alone SCHIP designs.  As 

a state with one of the lowest uninsured rates in the country, this lack of crowd-
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out-preventing mechanisms is quite surprising. In particular, unlike states with 

stand-alone SCHIP programs, the children of Hawaii State employees who are 

otherwise offered family coverage are entitled to SCHIP coverage as long as their 

families meet income qualifications. As part of the Patient & Protection and 

Affordable Care Act, a nationwide SCHIP expansion will be made effective 

January 1, 2014 that will grant all states – regardless of SCHIP program 

administration – the option of offering SCHIP coverage (with matching federal 

funds per enhanced FMAP) to children of state employees who qualify for 

medical benefits. Thus, Hawaii’s experience serves to demonstrate the crowd-out 

of private coverage that would likely arise as a result of any State adopting this 

policy option. 

Second, eligibility is defined by the more generous Hawaii-specific U.S. 

HHS federal poverty guidelines.  As a result, the children in a family of four with 

family income of $63,400 per year qualify for free health insurance and families 

of four with annual income up to $76,800 qualify for SCHIP coverage on a 

premium cost-sharing basis.  With median income of $63,746 in Hawaii in 

2007,125 these income eligibility limits are well into the range of median family 

income levels, rendering entitlements to a large number of children in middle-

class families. 

Third, under Hawaii’s employer mandate, the Prepaid Health Care Act 

(1974), private sector firms must offer coverage to their full-time employees. 

However, family coverage is optional and the premium sharing rule that limits 

                                                
125 
http://hawaii.gov/dbedt/info/census/acs/ACS2007/ACS_2007_Other_Files/Income_Poverty_
in_Hawaii_2007.pdf (last accessed 4 December 2011). 
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the employees’ contribution to 1.5 percent of gross wages only applies to single-

coverage. Thus, working adults with SCHIP-eligible children face a strong 

financial incentive to drop family coverage from their employer and enroll in 

single coverage for themselves at work, while enrolling their children in SCHIP. 

Alternatively, workers who would not enroll for family coverage may flock to 

employers that, in lieu of family coverage, offer higher cash wages.  

Fourth and finally, relatively few children who are newly-eligible for 

SCHIP lack insurance coverage. An SCHIP expansion is likely to yield both 

insured and uninsured children.  Taken together, these factors provide a 

plausible explanation as to why our Hawaii crowd-out estimates are larger than 

those found in national studies. 

For these reasons, we conclude that the initial expansion to 200 percent of 

the FPL, and the further expansion to 300 percent of the FPL126 render substantial 

crowd-out of private insurance. Whether viewed from the broad federal 

perspective or the narrow state budgetary perspective, the expansion would 

generate relatively high public expenditures per newly insured child. For those 

families whose children would be privately insured if not for the free SCHIP 

coverage, the program is tantamount to a cash transfer.  

These results should be interpreted with caution, however, as there are 

several limitations to our analysis that make it difficult to draw definitive 

conclusions.  First, as previously mentioned, these Hawaii-specific estimates of 

take-up and crowd-out rates are produced with a relatively small sample. This 

might be the reason our estimated change in uninsured children lacks precision. 

                                                
126 This expansion is not investigated in the current study. 
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Second, the CPS is subject to a well-known Medicaid undercount, as the survey 

responses render much lower enrollment counts than administrative records. 

This might have affected our estimates. Third, we are unable to independently 

validate our results from CPS with estimates from the Hawaii Health Survey, 

which indicates no take-up or crowd-out due to the SCHIP expansion. It is well-

known that the HHS also renders estimates of the uninsured which are generally 

inconsistent with the CPS.   

 

3.7 Conclusion 

The current study is the first to estimate the effect of initial SCHIP expansion 

implemented on July 1, 2000 in Hawaii. Using the Current Population Study for 

1998 to 2000 and 2003 to 2008, we employ a regression-based difference-in-

differences approach to measure the changes in insurance coverage among the 

SCHIP-targeted children relative to the changes in insurance coverage among a 

group of children who were not made newly-eligible by the expansion. We 

estimate that SCHIP expansion caused a 20 percent increase in Medicaid/SCHIP 

coverage among children in the target group, while simultaneously resulting in a 

decrease in private insurance coverage of 17.4 percent among this group. This 

renders a substantial crowd-out rate of 87 percent.  

Given Hawaii-specific features, these estimates indicate that the SCHP 

expansion to children residing in families with 200 to 300 percent of FPL will also 

yield crowd-out. The Hawaii SCHIP program is implemented as a Medicaid 

expansion and therefore lacks many features that mitigate crowd-out in other 

states, such as waiting periods. Furthermore, State employees who have access to 
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private family coverage by virtue of their public sector employment group may 

enroll their children in Hawaii SCHIP, because as a Medicaid expansion, Hawaii 

SCHIP confers an entitlement not afforded stand-alone SCHIP programs.  

Finally, the generous Hawaii-specific federal poverty guidelines allow 

well-insured median income families to enroll their children.  Because of a 

number of factors, including Hawaii’s Prepaid Health Care Act of 1974, lower 

middle-class and middle-class families in Hawaii are typically well-insured.  We 

estimate that only 4,300 of the 58,000 children aged 0 to 18 years residing in 

families with incomes between 200 percent and 300 percent of the Hawaii-

specific FPL were uninsured. As a result, expansion to this income group is likely 

to yield a relatively large number of privately-insured along with uninsured 

children. 
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