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In this article, we use count data regression with sample selection to analyze the
effects and degree of moral hazard in demand for visits to physicians among groups
of individuals with similar body mass index (BMI). Our results suggest that the effect
of moral hazard on the demand for visits to doctors is increasing in BMI for men and
for overweight and obese women. Moral hazard is highest among overweight men.
(JEL I11, C25)

I. INTRODUCTION

Americans have increasingly gained body
weight in the last 30 years. Data from the
National Health and Nutrition Examination Sur-
veys (NHANES) show that the average Ameri-
can had a body mass index (BMI) of 25.1 kg/m2

in the period 1971–1975 (Chou et al. 2004;
Rashad et al. 2006). In 1999–2000, the aver-
age American had a BMI of 27.9 kg/m2. Dur-
ing the same period, the proportion of the
population classified as obese increased from
13.9% to 29.6%. This increase in body mass
has implications for health because overweight
and obese people are more susceptible to dis-
eases such as diabetes, coronary diseases, stroke,
hypertension, and some types of cancer. Coro-
nary diseases are the leading causes of death
in the United States and generate the most
costs. Kenkel and Manning (1999) estimated
that the sum of medical expenses and produc-
tivity loss caused by heart diseases amounted to
a total of U.S.$175 billion. Although mortality
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from heart diseases, stroke, and cancer has
declined in recent years, the number of Ameri-
cans with diabetes has increased. The National
Center for Health Statistics (2006) estimated
that the percentage of the U.S. population who
were aged above 20 years and had diabetes
increased from 8.4% in 1988–1994 to 10.3% in
2001–2004. Kenkel and Manning (1999) esti-
mated the cost of diabetes in the United States
to be U.S.$100 billion.

This increase in weight by Americans and
the costs of obesity-related diseases might have
implications for the use and overuse of the
health care system. When people have health
insurance, the costs of health care will be lower
than without health insurance and they will have
an incentive to overspend. They will use more
health services than if they had to pay the full
costs for the care. Moral hazard was the term
Arrow (1963) used to describe this kind of
change in the behavior of the insured people,
which has been shown to be welfare decreas-
ing (Pauly 1968). For example, as a person with
car insurance may be less vigilant in locking
his vehicle, having health insurance may cause
the insured to be less careful or to overuse the
health care system, because she/he does not pay
the full cost of the service. In addition, Zweifel
and Manning (2000) discussed the difference
between ex ante and ex post moral hazard in
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health insurance.1 Ex ante moral hazard refers to
the situation before the illness. In this case, the
individual can take preventive action to avoid
the loss. The presence of insurance coverage
may undermine the individual’s incentive to
prevent such loss. Ex ante moral hazard is
related to lifestyle such as nutritional intake and
exercise. Ex post moral hazard, in contrast, may
play a role when the health loss has already
occurred. Then health insurance reduces the cost
of medical care and may lead to its overuse.

In most developed countries, health insurance
is universal and everyone is covered. Thus, mea-
suring the moral hazard can be very difficult.
The U.S. health care system, in contrast, is not
universal. Hence, it is up to the individual to
either purchase or not purchase health insurance.
About one-quarter of the U.S. population are
insured by public programs (Cutler and Zeck-
hauser 2000) either through Medicare, which
insures elderly people and people with kidney
failure, or through Medicaid, which insures poor
younger women and children, or through dif-
ferent insurance schemes for military personnel.
Employers provide most of the private health
insurance. However, it is estimated that 16% of
the U.S. population does not have health insur-
ance (Cutler and Zeckhauser 2000).

The fact that a large part of the U.S.
population is uninsured makes it possible to
measure differences in behavior among insured
and noninsured people. For example, Koç (2005)
examined the effects of moral hazard among
consumers of similar health. Rashad and
Markowitz (2009/2010) also assessed the poten-
tial effect of insurance on measures of body
weight. In this article, we investigate the link
between moral hazard and obesity and explore
the levels of moral hazard on demand for physi-
cian visits among groups of individuals with
similar BMI. This is done by estimating count
regressions with sample selection for individuals
with and without insurance. We then calculate
moral hazard by taking the differences of the
predicted health demands without the selection
adjustments. We focus on visits to physicians
because of their potential importance in pre-
vention and early detection of diseases. This
is of special importance to obese individuals
who are more susceptible to health problems.

1. However, moral hazard may also be welfare increas-
ing. Nyman (2003) shows that part of the moral hazard can
be attributed to a transfer of income from those who pur-
chase insurance and remain healthy to those who purchase
insurance and become ill.

In particular, a doctor’s advice about diet and
healthy lifestyle may prevent future health prob-
lems. For example, Loureiro and Nayga (2006)
concluded that advice from a physician has a
positive effect on eating fewer calories and using
exercise to reduce weight.

II. MORAL HAZARD, SELECTION, HEALTH
INSURANCE, AND RELEVANCE OF OBESITY

Cameron et al. (1988) developed a model of
demand for health care that takes into account
the interdependencies between health insurance
and health care demand. Koç (2004) extended
this model by formally taking into account
health status under uncertainty. The individual
in a two-period model chooses his insurance pol-
icy, health care utilization, and the quantity of
consumption goods to maximize his expected
utility subject to budget constraints. This means
that there exists interdependency between the
choice of the insurance plan and expectations
about future health care utilizations. Individ-
uals seeking to enter into an insurance con-
tract are not selected at random. Health status
and other characteristics, which are known to
the individual but unknown to the insurer, may
create a self-selection bias. The individual is
not compelled to reveal his height and weight,
and, thereby, his BMI. Consequently, the insurer
will not have the information of the indi-
vidual’s probability to contract obesity-related
diseases.

In health economics, adverse selection refers
to the tendency that people who anticipate
high medical costs are more likely to pur-
chase health insurance than others (Rotchild
and Stiglitz 1976). In addition, in the presence
of adverse selection, certain medical plans will
become increasingly profitable, whereas others
may eventually become insolvent. Furthermore,
if the insurance premiums are not risk rated
for obesity, health insurance coverage shields
those covered from the full costs of physical
inactivity and overeating. The obese individu-
als impose a negative externality on the nor-
mal weight individuals because they consume
more medical resources but pay the same costs
(Bhattacharya and Sood 2007).

To avoid adverse selection, many insur-
ance companies and managed care organizations
adopt a selection mechanism to screen out appli-
cants whom they suspect will use expensive
medical care. Such mechanism would include
refusing to issue or renew a policy, excluding
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coverage of services for preexisting medical
conditions, and differentiating by generously
covering some types of services but excluding
others (Swartz and Garnick 1999).

However, the selection may also be advanta-
geous. De Meza and Webb (2001) argue that
selection based on risk aversion is advanta-
geous if those who are more risk averse buy
more insurance coverage and also have lower
risks. This means that there should be a pos-
itive correlation between insurance and risk.
Fang, Keane, and Silverman (2008) find evi-
dence of advantage selection in the U.S. Medi-
gap system. They explain the results by cog-
nitive ability and financial numeracy. Bolhaar,
Lindeboom, and van der Klaauw (2008), using
Irish data on health care, find strong evidence of
advantageous selection driven by heterogeneity
in education income and health preferences. In
addition, their models indicate that moral hazard
is not important.

However, separating the effects of adverse
selection, advantageous selection, screening, and
moral hazard is a very difficult task. Tests
of asymmetric information may break down if
there is heterogeneity in risk preferences (De
Meza and Webb 2001). For example, if individ-
uals who are highly risk averse also put more
effort to lowering their risk then there would
be a negative correlation between the generosity
of the contract and the risk outcomes. In addi-
tion, Koufopoulos (2007) shows that the tests
used in most empirical studies for asymmetric
information require very strong assumptions that
seldom hold true. Hence, controlling for adverse
selection is extremely difficult and where par-
tial solutions at best could exist only under
special circumstances or restrictive assumptions.
For this reason, although we discuss our results
with regard to the selectivity issue, we do not
explicitly disentangle selection and moral hazard
effects.

After an insurance contract has been signed,
the insured may have incentives to commit risk-
related actions, for example, overeating and not
exercising, which may lead to obesity and high
risk of diseases, which may then lead to overuse
of health care. This is consistent with ex ante
moral hazard. At the same time, the insured may
also overuse health care because of the lower
prices when insured, which is consistent with ex
post moral hazard. Our objective in this article is
to assess the ex post moral hazard as it relates to
obesity and demand for physician visits due to

its important implications for health and health
care costs.

III. THE MODEL AND ESTIMATION PROCEDURE

Individual demand and usage of health care
may depend on their insurance status, and
this possible sample selection bias has to be
accounted for. Heckman (1979) showed how
to take account of sample selection in a linear
regression framework. Terza (1998) extended
this method to count models. We follow his
approach to model the demand for health
care in the U.S. population. The departure for
this model is that the number of visits to
physicians by individual i follows a Poisson
distribution

Pr[yi = j ] = exp(−λi )λ
j

i

j !
, j = 0, 1, 2, . . .

Accordingly, a Poisson regression model can
be formulated as ln λi = x ′

iβ. If a component ei

is introduced2 to account for unobserved het-
erogeneity, we would then have E[y|xi, ei] =
exp(x ′

iβ + ei). If exp(ei) follows a gamma dis-
tribution, we have a negative binomial model
formulated as ln λi = x ′

iβ + ei .
Let d be an indicator variable taking the value

of 1 for those with insurance and 0 otherwise.
We also assume that the individuals’ insurance
status is determined by a latent variable process
d∗ = z ′α + v, where z is a vector of variables
that determine whether the individual has health
insurance and v is a random error term. The
insurance status is then determined as

d =
{

1, if d∗ > 0;
0, otherwise.

We denote the unobserved heterogeneity in
the count regressions of physician visits by
individuals with and without insurance by e1 and
e2, respectively. We then assume that e1, e2, and
v are distributed according to a trivariate normal
distribution with mean zero and covariance
matrix ⎡

⎣ σ2
11 σ12 σ11ρ1

σ12 σ2
22 σ22ρ2

σ11ρ1 σ22ρ2 1

⎤
⎦

2. The unobserved heterogeneity may be because of
differences in propensity to visit a doctor when sick and
risk assessment toward health or health knowledge.
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Following Terza (1998), the following model
that corrects for potential sample selection bias
is constructed

E(y|x, d = 1) = exp(x ′β1)
�(θ1 + z′α)

�(z′α)
(1)

and

E(y|x, d = 2) = exp(x ′β2)
1 − �(θ2 + z′α)

1 − �(z′α)

(2)

where E(y|x, d = 1) and E(y|x, d = 2) are
expected numbers of visits to doctors among
the insured and the uninsured, respectively;
� is the standard normal cumulative distribu-
tion function; and θ1 and θ2, defined by θ1 =
σ11ρ1 and θ2 = σ22ρ2, correspond to the unob-
served heterogeneity in the visits to physicians
demand equation for individuals with insur-
ance and without insurance, respectively. If this
heterogeneity is statistically different from 0
in (1), then there is a correlation between the
unobservables that determine health insurance
and the unobservables that determine demand
for visits to physicians among insured indi-
viduals. The same is true for the uninsured.
According to Coulsen et al. (1995), if the cor-
relation is positive and significant, then θ is
positive and the sample is consistent with
adverse selection; if the correlation is negative,
then θ is negative and the sample is consistent
with screening.

We divide the individual sample according
to individuals’ health insurance status, and esti-
mate Models (1) and (2) separately in two steps.
In the first step, a probit model is estimated to
predict the probability of insurance. Then the
linear index, z′α̂, is inserted into the cumulative
distribution function for the standard normal,
and (1) is estimated on the sample with insur-
ance to obtain β̂1 and θ̂1. Similarly, Model (2) is
estimated on the sample without insurance. To
reflect the sampling structure of the data, all
estimations are undertaken with proper sampling
weights as the inverse of the probability to be
included in the NHANES survey, as discussed
in Section IV.

To explore the moral hazard effects, we
use the method of Lee (1978), who analyzed
the impact of labor unions on the wages of
workers. We then remove the selection term by
setting θ1 = θ2 = 0. This is done to explore the
differences in doctor visits in situations when
all the individuals have insurance and when they

have no insurance. In particular, we define moral
hazard to be

MH = E[y|x, d = 1] − E[y|x, d = 2].(3)

Based on the estimated model, we then inves-
tigate the degree of moral hazard for indi-
viduals in three BMI categories. Subgroup 1
consists of individuals with normal weight
(BMI < 25); Subgroup 2 consists of overweight
individuals (25 ≤ BMI < 30); and Subgroup 3
consists of obese individuals (BMI ≥ 30). For
each subgroup, their degree of moral hazard is
then calculated as

M̂Hj = 1

Nj

Nj∑
i=1

[
exp(x ′

i β̂1) − exp(x ′
i β̂2)

]
(4)

where Nj is the number of individuals in
subgroup j , j = 1, 2, 3.

In summary, our estimation procedure uses
the entire sample to estimate the individual
demand for physician visits with and with-
out health insurance by properly accounting
for potential selection bias. We then calculated
the moral hazard as the expected difference in
demand for physician visits between individuals
who had and had no health insurance, respec-
tively. This calculation is undertaken for indi-
viduals in different BMI categories to explore
if they exhibit different degrees of moral hazard
in terms of their usage of a health care service
(i.e., physician visit).3

IV. THE DATA

Our sample is from the NHANES years
2003–2004. The NHANES is a program of stud-
ies designed to assess the health and nutritional
status of adults and children in the United States.
The survey is unique in that it combines inter-
views and physical examinations. The NHANES
program began in the early 1960s and was
conducted as a series of surveys focusing on
different population groups or health topics. A
four-stage sampling procedure is used to select
the individuals who are to be included in the
sample. The survey examines about 5,000 per-
sons each year. The interviews include socioe-
conomic and health-related questions, and the

3. There exists the possibility of reverse causality with
physician visits and BMI. The literature reports mixed
results on this. Nonetheless, we note that this issue can be
best addressed using longitudinal data on people’s BMI and
physician visit history and therefore is not tackled in this
study.
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TABLE 1
Definitions and Summary Statistics of Variables and Instruments

Total Insured Uninsured

Variable Mean SD Mean SD Mean SD

Insurance 1 if private insurance 0.68 0.46 1.00 0.00 0.00 0.00
Health demand # of visits to physician 4.03 5.11 4.72 5.43 2.53 3.92
Income USD (rescaled) 0.47 0.34 0.56 0.34 0.29 0.24
Marital status 1 if married 0.51 0.50 0.58 0.49 0.38 0.49
Health condition 1–5 (rescaled) 0.48 0.21 0.46 0.20 0.54 0.22
Age Age in years (rescaled) 0.59 0.22 0.61 0.22 0.54 0.21
White 1 if race is white 0.49 0.50 0.58 0.49 0.29 0.45
Black 1 if race is not white or Hispanic 0.26 0.44 0.25 0.44 0.28 0.45
Hispanic 1 if race is Hispanic 0.25 0.43 0.17 0.37 0.43 0.50
High school 1 if education is high school 0.26 0.44 0.25 0.43 0.28 0.45
Middle school 1 if education is middle school 0.24 0.42 0.15 0.35 0.43 0.50
University 1 if education is university 0.51 0.50 0.61 0.49 0.29 0.45
Household size # in household (rescaled) 0.48 0.23 0.45 0.21 0.53 0.25
Work: private firm 1 if work in private firm 0.54 0.50 0.56 0.50 0.51 0.50
Work: government 1 if work for government 0.11 0.31 0.15 0.35 0.02 0.13
Work: own firm 1 if work in own firm 0.07 0.25 0.05 0.23 0.09 0.28
Work: not working 1 if not working 0.20 0.40 0.16 0.37 0.28 0.45
Female 1 if female 0.50 0.50 0.52 0.50 0.45 0.50
Female × Age Interaction term 0.30 0.34 0.32 0.34 0.25 0.32
BMI Weight (kg)/height2 (m) (rescaled) 0.43 0.10 0.44 0.10 0.43 0.10
Normal weight 1 if BMI < 25 0.35 0.48 0.34 0.47 0.36 0.48
Overweight 1 if 25 ≤ BMI ≤ 30 0.33 0.47 0.33 0.47 0.33 0.47
Obese 1 if BMI > 30 0.32 0.47 0.33 0.47 0.31 0.46
Vitamin B6 μmol/L (rescaled) 0.08 0.09 0.08 0.10 0.06 0.06
Vitamin C mg/dL (rescaled) 0.19 0.10 0.20 0.10 0.17 0.09
Vitamin D ng/mL (rescaled) 0.31 0.13 0.32 0.14 0.26 0.12
Sample size 2,766 1,894 872

Note: Standard deviations are in parentheses. The following variables were divided by their maximum values before the
estimation process: income, age, health condition, household size, BMI, and vitamins B6, C, and D. “Female × Age” was
calculated after the “age” was rescaled. This rescaling was done to provide numeric stability in the estimation process.

examinations include medical examinations. Of
special interest to our study is the measure of
body weight and height.

We focus on prime aged adults in this study.
In particular, our sample consists of 2,766
individuals between 18 and 64 years of age
without missing key information used in this
analysis. Among them, 1,884 had private insur-
ance and 872 did not have private insurance.
We excluded 521 observations containing indi-
viduals with public insurance only (Medicare,
Medicaid, veterans insurance, etc.) because their
health care access and demand differ from the
general public. The variables used in our study
are described in Table 1.

Table 1 shows that in our sample of 2,766
individuals, 68% had private insurance. The
health care variable is the number of times the
individuals have seen a physician or other health

care professional regarding their health during
the sample period. In the NHANES database,
this variable was coded as 0 for each individ-
ual who had zero visits to doctors during the
previous 12-month period. It was coded 1 for
those who had one visit to a doctor; 2 for those
who had three or four visits to doctors; 3 for
those who had three to nine visits to doctors;
4 for those who had 10–12 visits to doctors;
and 5 for those individuals that had 13 or more
visits to doctors. We use the interval midpoint
for each interval except for the last one, which is
open-ended. We then use a predicted midpoint
for the last interval. In particular, we use the
smoothing method of Wu and Perloff (2007) to
construct an estimate of the unknown underly-
ing distribution based on interval data. Table A1
in the Appendix reports the actual and pre-
dicted frequency of the distribution of number
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of physician visits, suggesting that the estimated
density tracks the observed interval frequency
data closely. Because only the midpoint of the
last interval is predicted, we note that the overall
estimation results are not sensitive to this impu-
tation. The predicted average for the last group
was 20, and this number was used for all indi-
viduals who had 13 or more visits to doctors.
Table 1 shows that the average number of visits
to a health care facility over the last 12 months
prior to the survey was 4.03. Insured individuals
had an average of 4.72 visits, whereas the unin-
sured individuals had an average of 2.53 visits.

Total household income in the NHANES
database is also a group variable and is coded
according to some income interval, where the
last interval is open-ended. We again used the
method of Wu and Perloff (2007) to estimate
a smooth distribution of the income and used
the estimated distribution to predict the aver-
age income for individuals in the last group.
The average income for the last group was pre-
dicted to be U.S.$121,000. The income variable
and the sample frequencies and the predicted
frequencies are described in the Appendix. The
average total household income was $57,000.
The average incomes for individuals with insur-
ance and those without insurance were $68,000
and $35,000, respectively. To provide numeric
stability in the estimation process, we rescaled
the income variable by dividing each observa-
tion with the maximum income ($121,000).

The age variable is the age of the individual
when the survey was performed. We included
individuals from 18 to 64 years, and the average
age of the individuals was 37.8 years. In the
sample consisting of individuals with insurance,
the average ages of individuals with insurance
and without insurance were 39.2 and 34.9 years,
respectively.

The health condition variable is the self-
reported health condition on a scale from 1 to
5, where 1 is excellent, 2 is very good, 3 is
good, 4 is fair, and 5 is poor. This is the EVGFP
scale which has been studied in detail by Krause
and Jay (1994). The average was 2.4, that is,
between very good and good. The averages
of the health condition ratings were 2.3 and
2.7 for individuals with insurance and without
insurance, respectively.

In the sample, 50% were females, but among
the insured, there were more females than males.
There were more Hispanics among the unin-
sured than among the insured in the sample, and

there were also more individuals with less than
high school education among the uninsured.

As discussed in Section V, we used the levels
of the vitamins C, D, and B6 as instruments
for BMI. In the NHANES survey, vitamin
status is measured from blood drawn from the
examinee’s arm. The blood is then processed in
the laboratory, stored, and shipped to various
laboratories for analysis. The different vitamins
are then extracted from serum.

V. PROBABILITY OF HAVING PRIVATE HEALTH
INSURANCE

The first step in modeling the demand
for physician visits, when insurance status is
endogenous, is to estimate the probability of
insurance status. A probit model was used to
estimate the probability of having private insur-
ance. We included BMI as an explanatory vari-
able in the probit model. However, because BMI
might be endogenous due to reasons such as
reverse causality, and correlated with the error
term, we included the levels of vitamins C, D,
and B6 as instruments for the BMI variable. The
reason for the use of vitamins as instruments for
body mass can be found in the study by Aasheim
et al. (2008). In a study of morbid obese patients
in two Norwegian public hospitals, they found
that morbidly obese people have lower levels of
the vitamins C, D, and B6 than a control group
from another hospital. Because vitamin status is
not visible and very few persons know about
their vitamin status (because measuring vitamin
status is not commonly part of a health check),
it would be reasonable to assume that there is no
correlation between insurance status and vitamin
status and that there is no unobserved behavior
that leads to changes in both BMI and vitamin
status. The validity and strength of our instru-
mental variables are tested below.

We first performed a linear regression of the
instruments, and the other explanatory variables
in the probit equations, on BMI. This was done
for the whole sample, for the men only sample,
and for the women only sample. The estimated
coefficients for vitamins C and D were signif-
icant, but the coefficient for vitamin B6 was
not significant for the men only sample. How-
ever, likelihood ratio tests of the null hypotheses
that all the instruments are zero were rejected.
Hence, we used vitamin B6, C, and D levels
as instruments for BMI in the probit equation.
In addition, we used exclusion restrictions to
identify the parameters in the demand for visits
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to physician model. Following Koç (2005), we
included variables related to job characteris-
tics in the demand for health insurance but
excluded them from the demand for physician
visits. Specifically, we used dummy variables
indicating whether the individual is working in
a private firm, whether he is employed by the
government, or whether he is self-employed. In
addition, following Marquis and Phelps (1987)
and Harmon and Nolan (2001), we included
household size as a determinant for whether an
individual has private insurance. The likelihood
function for the probit estimation was weighted
with the inverse of the probability to be included
in the samples to account for the nonuniform
sampling scheme of NHANES. The estimation
results are reported in Table 2.

In Table 2, we used a likelihood ratio test to
find out if BMI has to be treated as exogenous.
We estimated a probit model with BMI instru-
mented by the vitamin B6, C, and D levels and
compared the log-likelihood of this model with
the log-likelihood of a probit model with BMI.
The null hypothesis of equality of the probit with
instruments and the probit without instruments
were rejected for all samples.

Hence, we used the vitamin B6, C, and
D levels of the individuals as instruments for
BMI. The results show that the probability

of having insurance increases with income for
men but not for women. Marital status also
contributes significantly to the probability of
having insurance, both for men and women.
Marriage increases the probability of having
insurance. Age contributes positively for women
and negatively for men.

The estimated coefficients of the variables
health condition and BMI may give an indi-
cation of selection and screening. The health
condition parameter is small and not significant,
which suggests that there is no indication of
adverse selection because of bad health or
because insurance companies are screening indi-
viduals with bad health. The situation, how-
ever, is not the same for BMI. Because indi-
viduals with high BMI have higher health risk,
the negative coefficient may indicate advanta-
geous selection or screening; persons with high
BMI, ceteris paribus, have less probability to be
insured.

Using the prediction criteria that individuals
with a probability of more than 50% are pre-
dicted to have insurance, and individuals with a
probability of less than 50% are predicted to not
have insurance, we predicted individual insur-
ance status with a success rate of 76% for the
whole sample and 75% and 78% for the men
and women sample, respectively.

TABLE 2
Probit Regression for Private Insurance

Whole Sample Men Women

Variable Coefficient SE Coefficient SE Coefficient SE

Income 1.19∗∗∗ 0.11 1.32∗∗∗ 0.15 1.13∗∗∗ 0.17
Marital status 0.58∗∗∗ 0.07 0.86∗∗∗ 0.12 0.40∗∗∗ 0.10
Health condition 0.05 0.21 0.18 0.35 −0.12 0.29
Age 0.93∗∗∗ 0.24 0.63∗∗ 0.27 0.84∗∗∗ 0.28
Black −0.15∗ 0.08 −0.37∗∗∗ 0.11 0.08 0.13
Hispanic −0.51∗∗∗ 0.09 −0.51∗∗∗ 0.12 −0.48∗∗∗ 0.13
Middle school −0.52∗∗∗ 0.09 −0.58∗∗∗ 0.15 −0.46∗∗∗ 0.13
University 0.17∗∗ 0.07 0.11 0.10 0.22∗∗ 0.10
BMI −4.98∗∗∗ 1.55 −6.46∗ 3.64 −4.26∗∗ 1.68
Household size −0.63∗∗∗ 0.16 −0.67∗∗∗ 0.22 −0.60∗∗ 0.24
Work: private firm 0.31∗∗∗ 0.07 −0.01 0.11 0.48∗∗∗ 0.10
Work: government 1.20∗∗∗ 0.16 0.84∗∗∗ 0.24 1.36∗∗∗ 0.22
Work: own firm −0.41∗∗∗ 0.12 −0.62∗∗∗ 0.16 −0.41∗∗ 0.17
Female 0.33∗ 0.19
Female × Age −0.26 0.30
Intercept 1.52∗∗∗ 0.56 2.42∗ 1.35 1.46∗∗ 0.57
χ2(3) 249.68 100.22 140.76

Note: χ2(3) is the statistic for a likelihood ratio test of equality between a probit model with instruments for BMI and a
probit model where BMI is treated as exogenous.

∗∗∗Significant at 1% level; ∗∗significant at 5% level; ∗significant at 10% level.
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TABLE 3
Estimation of Demand for Visits to Physicians

(Whole Sample)

With Insurance Without Insurance

Variable Coefficient SE Coefficient SE

Income −0.28∗ 0.16 −0.88∗ 0.46
Marital status −0.02 0.10 0.36∗∗∗ 0.27
Health condition 1.68∗∗∗ 0.19 2.34∗∗∗ 0.72
Age 0.99∗∗∗ 0.27 1.50∗∗ 0.73
Black −0.25∗∗ 0.10 −0.32 0.23
Hispanic −0.10 0.12 −0.51∗∗ 0.25
Middle school 0.11 0.17 −0.35 0.28
University 0.12 0.08 0.32 0.26
Overweight 0.13 0.09 −0.48 0.39
Obese 0.07 0.10 −0.18 0.25
Female 1.33∗∗∗ 0.26 1.04∗ 0.60
Female × Age −1.55∗∗∗ 0.36 −1.78∗ 0.95
Intercept 0.10 0.33 −0.71 0.51
θ −0.46∗∗ 0.24 0.28 0.33

∗∗∗Significant at 1% level; ∗∗significant at 5% level;
∗significant at 10% level.

VI. THE DEMAND FOR VISITS TO PHYSICIANS
BY INSURANCE STATUS

In the second step, Equation (1) was esti-
mated using the sample consisting of individ-
uals with insurance and Equation (2) was esti-
mated using the sample of individuals without
insurance. In both equations, the linear index,
z′α̂, from the probit equation was inserted into
the correction term for sample selection. The
objective function in both cases was weighted
with the inverse of the probability of being
included in the sample. This was done sepa-
rately for the whole sample, for the men only
sample, and for the women only sample. Five
hundred bootstrap repetitions were performed to
obtain consistent estimates of the standard errors
in Step 2. In 53 of the bootstrap repetitions, the
process could not be performed due to a singular
data matrix or one of the models did not con-
verge. The results are shown in Table 3 for the
whole sample, in Table 4 for the men only sam-
ple, and in Table 5 for the women only sample.

Table 3 shows that self-reported health con-
dition was important for how often individuals
visited doctors. Both for the insured and the
uninsured, the higher the health condition vari-
able, that is, the worse the health condition, the
more often the individuals visited doctors. This
effect was significant for both groups, and there
was not much difference between how often
they visited doctors.

TABLE 4
Estimation of Demand for Visits to Physicians

(Men Sample)

With Insurance Without Insurance

Variable Coefficient SE Coefficient SE

Income −0.35 0.28 −2.49 1.73
Marital status −0.32∗ 0.18 0.51 0.49
Health condition 1.96∗∗∗ 0.29 4.45∗∗ 2.01
Age 0.98∗∗∗ 0.31 0.55 1.51
Black −0.21 0.13 −0.89 0.66
Hispanic −0.22 0.27 –0.66 0.78
Middle school 0.04 0.20 −0.50 1.05
University −0.01 0.13 −0.05 0.61
Overweight 0.07 0.13 −1.51 1.11
Obese 0.00 0.13 0.02 0.75
Intercept 0.43 0.50 −2.05 1.71
θ −0.67∗ 0.36 −1.07 0.84

∗∗∗Significant at 1% level; ∗∗significant at 5% level;
∗significant at 10% level.

TABLE 5
Estimation of Demand for Visits to Physicians

(Women Sample)

With Insurance Without Insurance

Variable Coefficient SE Coefficient SE

Income −0.26 0.21 −0.49 0.57
Marital status 0.13 0.12 0.21 0.24
Health condition 1.53∗∗∗ 0.24 1.55∗∗ 0.73
Age −0.61∗∗ 0.26 0.08 0.67
Black −0.26∗∗ 0.13 0.12 0.29
Hispanic −0.03 0.15 −0.38 0.30
Middle school 0.13 0.24 −0.09 0.25
University 0.17 0.12 0.38∗ 0.22
Overweight 0.15 0.12 0.32 0.29
Obese 0.09 0.12 −0.12 0.24
Intercept 1.33∗∗∗ 0.28 0.46 0.61
θ −0.34 0.33 0.39 0.39

∗∗∗Significant at 1% level; ∗∗significant at 5% level;
∗significant at 10% level.

The results on the race dummies show that
black individuals with insurance visit a physi-
cian less than whites (the reference group), but
for uninsured blacks, there is no significant dif-
ference from uninsured whites. The Hispanic
dummy is negative in both equations, but it
is significantly negative just in the uninsured
group.

For the insured individuals, the demand for
physician visits was higher among females than
among males, but the difference was higher
for younger women than for older women.



628 CONTEMPORARY ECONOMIC POLICY

This is consistent with Koç (2005) who also
found higher demand for visits to physicians for
women. Both the dummy variable for female
and the interaction term between female and
age are significantly different from zero at the
5% level.

The coefficient, θi = σiiρi , i = 1, 2, is the
correlation between the unobservable determi-
nants of the insurance choice equation and the
demand for visits to physicians. These coeffi-
cients provide evidence on the type and degree
of selection. Table 3 shows that θi was signifi-
cantly different from zero for the insured indi-
viduals but not for the uninsured individuals in
the demand for health care. Hence, there is some
indication of either advantageous sample selec-
tion or screening in this model.

Tables 4 and 5 show the estimated demand
equations for men and women separately. On
comparing the tables we see that for both men
and women, health condition contributed posi-
tively to the number of doctor visits both among
the insured and the uninsured. For insured men,
age contributed positively, whereas for insured
women, it contributed negatively. Being black
contributed negatively (relative to whites) for
insured women but not for uninsured women. θi

was negative for insured and uninsured men and
insured women, indicating advantageous selec-
tion or screening among these groups.

VII. OBESITY-SPECIFIC MORAL HAZARD EFFECTS

To assess the degree of moral hazard in
the demand for visits to physicians, we used
Equation (4) both for the whole sample, the
men sample, the women sample, and for sub-
samples according to weight status. In Figure 1,
we project the estimated moral hazard as a
smooth function of the BMI using a nonpara-
metric estimator. In particular, we used the
nonparametric Loess estimator implemented in
the statistical software r as the smoother, and
the data-driven bandwidth was set to be around
0.75% of the range of the independent variable
(BMI in our case).

Figure 1 shows the moral hazard against
BMI. Moral hazard starts with a value of about
1.5 for individuals with a BMI below 20 and
increases steeply until it reaches BMI of about
28. After that, the moral hazard continues to
increase with BMI but at a lower pace. This
suggests that individuals who are overweight or
obese have the highest rate of moral hazard.
The moral hazard for men, in Figure 2, is

FIGURE 1
Moral Hazard and BMI for Men and Woman
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FIGURE 2
Moral Hazard and BMI for Men Only
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similar to Figure 1, but it starts at a higher
level. For women, in Figure 3, the moral hazard
first decreases with BMI until about 26 before
increasing with BMI.

For each BMI subgroup, and for men and
women separately, we calculated the mean,
median, and first and third quartile of the
estimated moral hazard. The results are reported
in Table 6. All four measures are consistent with
the pattern revealed in Figure 1.

In this study, we assume normal weight
individuals to have a lower health risk fac-
tor than overweight individuals and overweight
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FIGURE 3
Moral Hazard and BMI for Women Only
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individuals to have a lower health risk than
obese individuals. We used the bootstrap covari-
ance matrix for the means and medians of moral
hazards to perform Wald tests for equality.

Let MH = (MHN, MHOw, MHOb)
′ be the

vector of means of moral hazard for normal
weight, overweight, and obese, respectively,
S be the bootstrap covariance matrix of the
means, and define the contrast matrix as R =[

1 −1 0
1 0 −1

]
. Then the Wald statistic

W 2 = (
RMH

) (
RSR′)−1 (

RMH
) ∼ χ2(2).

TABLE 7
Wald Tests for Equality of Means and Medians
of Moral Hazard: MH Normal Weight = MH

Overweight = MH Obese, p Values

Mean Median

Whole sample 0.25 0.28
Men only sample 1.00 0.97
Women only sample 0.99 0.96
Men versus women 1.00 0.80

In Table 7, we used the Wald statistic to
test the hypothesis that the means of the moral
hazards are equal. Using the same test, but with
the medians instead of the means, and with
the bootstrap covariance for the medians, we
also tested for equality of medians of the moral
hazards and tested for equality of the moral
hazards between men and women.

Table 7 shows insignificant results in all the
tests (Figures 1–3). There is a large degree
of heterogeneity in the moral hazards and
hence large standard errors. The results, how-
ever, show some interesting patterns: Over-
weight men have higher moral hazard than
normal weight and obese men. Furthermore,
obese women have higher moral hazard than
overweight and normal weight women. The
higher moral hazard rate for the obese women
compared with that of overweight and normal
weight women is expected, because the former
has a higher health-related risk. Kan and Tsai
(2004) suggested that male individuals only start
to be aware of the health risk of obesity when

TABLE 6
Distribution of Obesity-Specific Moral Hazard Effects

1. Quartile Median 3. Quartile Mean

Whole sample
Normal weight 1.03 2.02 3.08 2.19
Overweight 2.20 3.17 4.67 3.76
Obese 1.67 2.80 4.36 3.16
Total 1.63 2.66 4.00 3.01

Men only sample
Normal weight 2.61 3.55 4.91 4.03
Overweight 3.13 4.42 6.33 5.28
Obese 3.08 4.24 5.38 4.60
Total 2.98 4.11 5.58 4.67

Women only sample
Normal weight 0.88 1.75 2.91 2.07
Overweight 0.05 1.26 2.89 1.50
Obese 1.60 2.82 4.30 3.13
Total 0.88 1.96 3.38 2.29
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they already have become obese. However, there
could be alternative explanations.

VIII. CONCLUSION

Health care and health insurance are major
issues of interest in the United States due, in
large part, to the number of uninsured individ-
uals as well as high overweight and obesity
rates. The high obesity rates and the associated
costs have implications for the use and overuse
of the health care system, thereby producing a
moral hazard. In this article, we analyzed the
degree of moral hazard in demand for visits
to doctors among groups of individuals with
similar BMI. Our results generally suggest that
moral hazard in the demand for visits to doctors
increases as the BMI increases for men. How-
ever, for women, moral hazard first decreases
in the normal weight range before increasing
in the overweight and obese weight range. In
addition, moral hazard with regard to visits to
physicians is generally higher among men than
among women, with overweight men having the
highest moral hazard.

The implications of our findings are complex.
For example, because we found that overweight
men have higher moral hazard than normal
weight men, should overweight individuals be
encouraged to visit their doctors less? Or should
incentives be offered to normal weight individ-
uals to visit doctors more often? These ques-
tions are difficult to answer because our moral
hazard measure is a relative index that reflects
the expected difference in demand for physician

TABLE A1
Sample and Predicted Frequencies for Number of Visits to

Physicians

Visits to Physicians Variable Sample Predicted

0 0.0 0.1236 0.1229
1 1.0 0.2058 0.2158
2–3 2.5 0.2953 0.2921
4–9 6.5 0.2522 0.2633
10–12 11.0 0.0608 0.0404
13 or more 20.0 0.0623 0.0655

visits normalized by the expected demand with-
out insurance. Hence, the policy recommenda-
tions may depend on various factors such as
policy makers’ objective function (e.g., mini-
mize cost and maximize social welfare). More-
over, the time horizon might also matter because
in the long run, it may be more desirable to
{encourage overweight and obese individuals
to take advantage of health care regardless of
policy makers’ objective functions. Although
beyond the scope of this article, more data, espe-
cially longitudinal data, and studies on the nature
of the visits and their associated costs and ben-
efits are indeed needed to definitively answer
these questions, given current obesity rates and
health care costs in the United States. In addi-
tion, we mentioned earlier in the article that
controlling for adverse selection is extremely
difficult. Consequently, there is little consen-
sus on whether adverse selection or moral haz-
ard is more important in empirical work. For
this reason, although we discuss our results
with regard to the selectivity issue, we do not
explicitly disentangle selection and moral haz-
ard effects. Future studies could replicate this
study and attempt to definitively distinguish
between moral hazard and adverse selection
given more data. For example, Abbring et al.
(2003) have suggested that one could exploit
the dynamic consequences of experience rat-
ing in insurance markets to distinguish between
adverse selection and moral hazard. However,
they also admitted that U.S. health insurance
markets are regulated to restrict experience rat-
ing, which then precludes this proposed empir-
ical strategy.

APPENDIX A: TABLES OF SUMMARY STATISTICS AND REGRESSION ANALYSIS

TABLE A2
Sample and Predicted Frequencies for Total Household

Income

Household Income Variable Sample Predicted

$0–4,999 2,500 0.0051 0.0038
$5,999–9,999 7,500 0.0215 0.0182

$10,000–14,999 12,500 0.0328 0.0362
$15,000–19,999 17,500 0.0467 0.0498
$20,000–24,999 22,500 0.0556 0.0560
$25,000–34,999 30,000 0.1244 0.1167
$35,000–44,999 40,000 0.1004 0.1090
$45,000–54,999 50,000 0.0985 0.0976
$55,000–64,999 60,000 0.0859 0.0849
$65,000–74,999 70,000 0.0739 0.0726
$75,000 and over 121,000 0.3550 0.3551
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TABLE A3
The BMI Regression

Whole Sample Men Women

Variable Coefficient SE Coefficient SE Coefficient SE

Income −0.001 0.006 0.011 0.007 −0.012 0.010
Marital status 0.010∗∗ 0.004 0.021∗∗∗ 0.005 0.004 0.006
Health condition 0.085∗∗∗ 0.009 0.071∗∗∗ 0.011 0.100∗∗∗ 0.014
Age 0.054∗∗∗ 0.014 0.035∗∗∗ 0.013 0.088∗∗∗ 0.016
Black −0.007 0.005 −0.009 0.007 −0.001 0.008
Hispanic −0.003 0.006 −0.003 0.007 0.001 0.009
Middle school −0.017∗∗∗ 0.006 −0.022∗∗∗ 0.007 −0.009 0.010
University −0.005 0.004 −0.009∗ 0.005 0.000 0.007
Household size 0.012 0.010 0.011 0.011 0.012 0.016
Work: private firm 0.009∗ 0.005 −0.005 0.006 0.016∗∗ 0.007
Work: government 0.015∗∗ 0.006 −0.002 0.009 0.024∗∗∗ 0.009
Work: own firm 0.009 0.007 0.006 0.009 0.000 0.012
Vitamin B6 −0.020 0.019 0.015 0.022 −0.092∗∗∗ 0.033
Vitamin C −0.094∗∗∗ 0.018 −0.066∗∗∗ 0.023 −0.110∗∗∗ 0.026
Vitamin D −0.133∗∗∗ 0.015 −0.089∗∗∗ 0.021 −0.148∗∗∗ 0.021
Female −0.012 0.012
Female × Age 0.019 0.018
Intercept 0.411∗∗∗ 0.013 0.408∗∗∗ 0.015 0.396∗∗∗ 0.019
χ2(3) 173.93∗∗∗ 144.46∗∗∗ 54.15∗∗∗

Note: χ2(3) is the result of a likelihood ratio test for the instruments.
∗∗∗Significant at 1% level; ∗∗significant at 5% level; ∗significant at 10% level.

APPENDIX B: SUPPLEMENTARY RESULTS

TABLE B1
Probit Regression for Private Insurance without Instruments for BMI

Whole Sample Men Women

Variable Coefficient SE Coefficient SE Coefficient SE

Income 1.23∗∗∗ 0.11 1.26∗∗∗ 0.15 1.24∗∗∗ 0.17
Marital status 0.54∗∗∗ 0.07 0.73∗∗∗ 0.10 0.41∗∗∗ 0.10
Health condition −0.51∗∗∗ 0.15 −0.34∗ 0.21 −0.74∗∗∗ 0.22
Age 0.64∗∗∗ 0.23 0.42∗ 0.25 0.41∗ 0.24
Black −0.21∗∗∗ 0.08 −0.38∗∗∗ 0.11 −0.03 0.12
Hispanic −0.53∗∗∗ 0.09 −0.51∗∗∗ 0.12 −0.53∗∗∗ 0.13
Middle school −0.43∗∗∗ 0.09 −0.44∗∗∗ 0.12 −0.43∗∗∗ 0.13
University 0.20∗∗∗ 0.07 0.16∗ 0.10 0.23∗∗ 0.11
BMI 0.69∗∗ 0.31 0.15 0.49 0.96∗∗ 0.42
Household size −0.72∗∗∗ 0.16 −0.75∗∗∗ 0.22 −0.71∗∗∗ 0.23
Work: private firm 0.25∗∗∗ 0.07 0.02 0.11 0.38∗∗∗ 0.10
Work: government 1.12∗∗∗ 0.16 0.87∗∗∗ 0.24 1.22∗∗∗ 0.22
Work: own firm −0.47∗∗∗ 0.12 −0.66∗∗∗ 0.16 −0.40∗∗ 0.17
Female 0.42∗∗ 0.19
Female × Age −0.38 0.30
Intercept −0.41∗ 0.21 0.00 0.29 −0.16 0.27

∗∗∗Significant at 1% level; ∗∗significant at 5% level; ∗significant at 10% level.
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TABLE B2
Estimation of Demand for Visits to Physicians

With Insurance Without Insurance

Variable Coefficient SE Coefficient SE

Income −0.29∗ 0.17 −0.87∗ 0.47
Marital status −0.02 0.10 0.36 0.24
Health condition 1.69∗∗∗ 0.19 2.31∗∗∗ 0.69
Age 1.00∗∗∗ 0.25 1.49∗∗ 0.67
Black −0.25∗∗∗ 0.08 −0.33 0.22
Hispanic −0.10 0.12 −0.52∗∗ 0.26
Middle school 0.12 0.16 −0.36 0.28
University 0.12 0.08 0.32 0.26
Overweight 0.11 0.09 −0.46 0.36
Obese 0.03 0.09 −0.14 0.25
Female 1.34∗∗∗ 0.24 1.06∗ 0.59
Female × Age −1.57∗∗∗ 0.34 −1.80∗ 0.93
Intercept 0.11 0.31 −0.68 0.53
θ −0.47∗∗ 0.23 0.30 0.29

Note: Whole sample. Without instruments for BMI in
the first step.

∗∗∗Significant at 1% level; ∗∗significant at 5% level;
∗significant at 10% level.

TABLE B3
Estimation of Demand for Visits to Physicians

With Insurance Without Insurance

Variable Coefficient SE Coefficient SE

Income −0.36 0.28 −2.42 2.85
Marital status −0.30∗ 0.16 0.51 0.73
Health condition 1.97∗∗∗ 0.31 4.50 4.43
Age 1.00∗∗∗ 0.27 0.58 2.70
Black −0.21∗ 0.12 −0.85 1.22
Hispanic −0.25 0.25 −0.67 1.92
Middle school 0.06 0.22 −0.52 1.16
University −0.01 0.12 −0.06 1.68
Overweight 0.07 0.14 −1.52 2.73
Obese −0.02 0.14 −0.04 1.14
Intercept 0.41 0.45 −2.06 4.92
θ −0.65∗∗ 0.33 −1.00 0.81

Note: Men sample. Without instruments for BMI in the
first step.

∗∗∗Significant at 1% level; ∗∗significant at 5% level;
∗significant at 10% level.

TABLE B4
Estimation of Demand for Visits to Physicians

With Insurance Without Insurance

Variable Coefficient SE Coefficient SE

Income −0.25 0.22 −0.51 0.53
Marital status 0.13 0.12 0.21 0.24
Health condition 1.53∗∗∗ 0.25 1.55∗∗ 0.70
Age −0.60∗∗ 0.27 0.05 0.56
Black −0.26∗∗ 0.12 0.10 0.26
Hispanic −0.04 0.15 −0.40 0.27
Middle school 0.12 0.23 −0.10 0.24
University 0.18∗ 0.10 0.38∗ 0.21
Overweight 0.13 0.12 0.35 0.26
Obese 0.06 0.13 −0.05 0.23
Intercept 1.32∗∗∗ 0.30 0.46 0.62
θ −0.32 0.33 0.38 0.33

Note: Women sample. Without instruments for BMI in
the first step.

∗∗∗Significant at 1% level; ∗∗significant at 5% level;
∗significant at 10% level.

TABLE B5
Distribution of Obesity-Specific Moral Hazard Effects

without Instruments for BMI in the First Step

1. Quartile Median 3. Quartile Mean

Whole sample
Normal weight 1.05 2.05 3.24 2.29
Overweight 2.17 3.10 4.66 3.73
Obese 1.38 2.50 4.07 2.89
Total 1.58 2.58 3.96 2.96

Men only sample
Normal weight 2.57 3.50 4.90 4.00
Overweight 3.13 4.32 6.34 5.26
Obese 2.98 4.21 5.29 4.52
Total 2.92 4.04 5.50 4.63

Women only sample
Normal weight 1.10 1.90 3.08 2.25
Overweight 0.06 1.23 2.81 1.49
Obese 1.32 2.45 3.88 2.81
Total 0.91 1.91 3.30 2.23
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TABLE B6
Distribution of Obesity-Specific Moral Hazard Effects with
Instruments for BMI in the First Step and Individuals with

BMI <18.5 Deleted

1. Quartile Median 3. Quartile Mean

Whole sample
Normal weight 0.97 1.94 3.19 2.19
Overweight 2.12 3.10 4.70 3.72
Obese 1.54 2.76 4.40 3.18
Total 1.57 2.62 4.04 3.03

Men only sample
Normal weight 2.47 3.35 4.66 3.80
Overweight 3.01 4.25 6.09 5.06
Obese 2.95 4.01 5.14 4.38
Total 2.81 3.91 5.34 4.46

Women only sample
Normal weight 1.24 2.00 3.22 2.37
Overweight 0.33 1.46 3.10 1.85
Obese 1.97 3.11 4.66 3.55
Total 1.24 2.22 3.71 2.64
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