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Does Health Insurance
Make You Fat?

Jay Bhattacharya, M. Kate Bundorf, Noemi Pace, and
Neeraj Sood

2.1 Intredaction

Adult obesity is a thorny problem. Several studies document rising obe-
sity prevalence in the United States (See Mokdad et al. 1999; Mokdad et al.
2003). Economists have argued that the primary cause of increasing obe-
sity prevalence are: () a falling relative price of food; (b) a technologically
induced shift away from physically demanding work; and {c) a decline in time
spent on food production at home (see Lakdawalla and Philipson 2002; Cut-
ler, Glaeser, and Shapiro 2003; and Anderson, Butcher, and Levine 2003).!
As most view these fundamental changes in the economy as desirable and
would not want to undo them, developing public peolicy to address the root
causes of rising obesity prevalence is difficult, if not entirely problematic.
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1. There are, of course, many other noneconomic determinants of body weight, including
genetic predispositions to obesity and nonrational impulses {such as myopic decision making
and lack of self-control) that prevent optimal body weight control. These are unlikely explana-
tions for the observed trends in body weight, even if they help expiain bascline levels. There is
certainly no evidence that we are more irrational or have different genes than our parents or
grandparents.
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Nevertheless, the health care and other costs associated with obesity are
enormous. For example, Wolf and Colditz (1994) estimate that over $68 bil-
lion are lost anmually in increased health care costs and jobabsenteeismasa
result of obesity in the United States. The morbidity and accounting costs
associated with obesity have led public health experts (such as Nestle 2003;
Brownell and Horgen 2003; and Sturm 2002) to advocate vigorous public
intervention, including regulation of fast-food establishments and taxes on
nutritionally questionable foods.

The economic justification for these sorts of policy interventions, such as
taxes on food, favored by some of these authors, rests on the idea that when
one person becomes obese, many other people pay the cost. In economic
jargon, there are negative externalities from body weight decisions that lead
to obesity. If external costs are high, then public welfare can be improved by
interventions that change the incentives adults face when making decisions
about body weight. If external costs are small, then adults pay fully for their
body weight decisions and public interventions aimed at decreasing body
weight can play only a limited role in improving public welfare.

"I'be main mechanism by which obesity imposes external costs is through
pooled health insurance. In a health insurance pool with inadequately risk-
adjusted premiums, one Person’s increase in body weight really is everyone
else’s business, since obesity often leads to higher medical expenditures. In
this chapter, we describe a model of this negative obesity externality associ-
ated with health insurance.’ The main insight of this model is that measur-
ing the obesity externality involves more than just measuring the subsidy to
obese individuals induced by health insurance. The welfare loss due to the
obesity externality depends upon both the size of the subsidy and upon
the extent to which body weight decisions are distorted on the margin by the

subsidy-—that is, does coverage with pooled health insurance cause enrollees
to gain weight? If the answer is no, and there is no moral hazard of this sort
caused by insurance coverage, then the subsidy induced by one person’s
obesity would simply represent a transfer from the thinner individuals in his
insurance pool to the obese person, with no net effect on social welfare.

Despite the importance of this parameter—the health insurance elasticity
of body weight—to the welfare economics of obesity, there has been scant
work in the economics literature on the topic.* The one exception is a paper
by Rashad and Markowitz (2010) who find a zero elasticity of insurance
coverage on body weight or obesity rates. These authors rely on the size of
a firm where an individual works as an instrument for insurance coverage
in their body weight regressions. We extend this work along three dimen-

2. Cawley (2004) provides a detailed discussion of possible market failures related to obe-
sity.

3. See Bhattacharya and Sood (2007) for a full description of this model.

4. In a related study, Dave and Kaestner (2009) analyze the effect of insurance on smoking,
drinking, and exercise in the eldetly population. They find that obtaining health insurance
seduces prevention and increases unhealehy behaviors among elderly men.
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sio.ng First, we measure separate elasticities for the extensive margin {people
gaining or losing insurance altogether) and the intensive margin (insurance
becoming more generous). In principle, these elasticities may be different,
and. as we show in the concluding section of the chapter, they have different
policy .implicaiioz}s. Second, we distinguish different elasticities for public
and private msurance coverage for our estimates of the elasticity along the
extensive margin. Finally, we adopt econometric methods that account for
the discrete nature of the insurance coverage variable,

2.2 Background

' Not surprisingly, expected health care expenditures are higher for obese
Tndividuais than for normal weight individuals. A large number of stud-
ies document this fact. The vast majority of these studies use convenience
samples consisting of individuals from a single employer or a single insurer
(Elmer et al, 2004; Bertakis and Azari 2005; Burton et al. 1998; Raebel
et al. 2004). There are also studies of obesity-related medical expenditure
Fhiferences in an international setting. Both Sander and Bergemann (2003),
ina German setting, and Katzmarzyk and Janssen (2004), in a Canadian
setting, find higher medical expenditures for obese people.

There are a few studies that use nationally representative data, Finkel-
stein, I_'*'iebeikorn, and Wang (2003) use data from the linked National Health
Interview Survey (NHIS) and Medical Expenditure Panel Survey (MEPS).
They estimate that annual medical expenditures are $732 higher for obese
than normal weight individuals. From an accounting viewpoint, approxi-
mately half of the estimated $78.5 billion in medical care spending in 1998
attributable to excess body weight was financed through private insurance
(33 percent) and patient out-of-pocket payments (14 percent). Sturm (2002)
using data from the Health Care for Communities (HCC) survey, finds tha;
obese individuals spend $395 per year more than nonobese individuals on
medical care. Thorpe et al. (2004} also use MEPS data, but they are inter-
estefi in how much of the $1,100 increase between 1987 and 2000 in per-
capita medical expenditures is attributable to obesity. Using a regression
model to calculate what per-capita medical expenditures would have been
had 1987 obesity levels persisted to 2000, they conclude that about $300 of
the $1,100 increase is due to the rise in obesity prevalence.

’Ejhis is a large literature, which space constraints prevent us from sur-
veying in more detail. The many studies that we do not discuss hers vary
Consider‘ably in generality—some examine data from a single company or
from a single insurance source---though they all reach the same qualitative
conclusion that obesity is associated with higher medical care costs.®

3. Some of the studies we reviewed, but arbitrarily do not discuss here, include B

s ) A ungametal,
{2003); Musich et al. (2004); Quesenberry Ir.,, Caan, and Jacobson (1998); Th
(2001); and Wang ct al. (2003). | (1998} Thompson et al
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2.2.1 External Costs of Obesity Associated with Health Insurance

Despite the cxtensive literature on medical expenditure differences, very
few studies attempt to estimate the degree to which health insurance cover-
age leads to subsidies for the obese. Some studies have attempted to esti-
mate how much of obesity-related medical costs are subsidized by public
insurance. Finkelstein, Ruhm, and Kosa (2005), in a literature review of the
causes and consequences of obesity, estimate that “the government finances
roughly half the total annual medical costs attributable to obesity. As a
result, the average taxpayer spends approximately $175 per year to finance
obesity related medical expenditures among Medicare and Medicaid recipi-
ents” (248). To arrive at this conclusion, they rely on a study by Finkelstein,
Fiebelkorn, and Wang (2004), who calculate state and federal level estimates
of Medicare and Medicaid expenditures attributable to obesity. Another
study, conducted by Daviglus et al. (2004), links together data from a sample
of Chicago-area workers in the labor force between 1967 to 1973, to Medi-
care claims records from the 1990s. They estimate substantial obesity-related
differences in Medicare expenditures. For example, women workers who
were obese between 1967 and 1973 spent $176,947 in the 1990s on Medicare,
while analogous nonobese, nonoverweight female workers spent $100,431
in undiscounted costs. Obese male workers spent $125,470, while nonobese,
nonoverweight male workers spent §76,866.

However, estimating how much of obesity-related medical costs are
financed by public insurance is merely an accounting exercise and not suf-
ficient for calculating the true economic subsidy for obesity. Conceptually,
calculating the size of the subsidy also requires estimating payments by
obese and nonobese individuals for enrolling in health insurance in addi-
tion to the expected benefits of enrollment. Roughly speaking, obese and
nonobese people alike pay for Medicare when they are under sixty-five and
spend (receive benefits) when they are older.® Since obese people work, earn,
are taxed, and die at different rates than nonobese people, looking at Medi-
care expenditure differences alone will paint a misleading picture of the
Medicare subsidy for the obese.

Calculating the obesity subsidy induced by private insurance also requires
estimating both payments for health insurance and medical expenditures.
Since private insurance is typically provided in an employment setting, itis
not enough to look at premiums for health insurance paid by employers and
employees.” The key question is whether employers adjust the cash wages of
obese workers with health insurance in order to account for the higher cost

6. For example, McClellan and Skinner (1999, 2006) and Bhattacharya and Lakdawalla
{2006), in estimating Medicare progressivity, estimate lifetime profiles of tax receipts for Medi-
care as well as Medicare expenditures.

7. For empleyzes enrolling in the same insurance plan, premiums do not depend upon body
weight (see Keenan et al. 2001), so in that case, there are no obesity-related payment differen-
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of insuring these workers. Although theory predicts that empioyers would
have incentives to do so (Rosen 1986), in practice, it is not clear that they
would be able to make these adjustments.® According to Gruber (2000),
“_ .. the problems of preference revelation in this context are daunting; it
is difficult in reality to see how firms could appropriately set worker specific
compensating differentials™ (656).

As is the case with Medicare, however, there is very little research on
obesity-related payment differences in a private insuranee setting. An impor-
tant exception is Bhattacharya and Bundorf (2009}, who find some evidence
that obese workers receive lower pay than nonobese workers primarily at
firms that provide health insurance.

In related work, Keeler et al. (1989) and Manning et al. {1991), using data
from the RAND Health Insurance Experiment (RAND HIE) and from
the National Health Interview Survey (NHIS), report estimates of lifetime
medical costs atiributable to physical inactivity (rather than obesity): “At
a 5 percent rate of discount, the lifetime subsidy from others to those with
a sedentary life style is $1,900” (Keeler er al, 1989). Though they label this
estimate the “external cost of physical inactivity,” like the rest of the lit-
erature they focus on physical inactivity-related medical expenditure differ-
ences, while ignoring payment differences that occur outside experimental
settings in their caiculation of the subsidy.

2.3 A Model of the Social Costs of Obesity

The timeline in figure 2.1 illustrates the basic setup of the model. Each
consumer starts with an initial endowment of weight . This endowment
might be seen as reflecting the consumer’s genetic propensity to be over-
weight or obese, and in any case it cannot be chosen by the consumer. In
the first stage, consumers decide how much weight to lose, ». Weight loss
(exercising, dieting) gives consumers some disutility but has two associated
benefits: (a) it increases productivity, consequently raising consumer income
and (b) it improves health (more precisely, it decreases the probability of

ces. However, when employers offer multiple health plans, obese workers may tend to selectinto
a different set of plans than their thinner colleagues. In that case, premiums may differ.

8. The iiterature on medical expenditure-associated obesity costs has a parallel and often
intersecting literature on the labor market productivity costs associated with obesity (often
these latter costs are called “indirect” costs of obesity}. The theory of compensating wage
differentials has important implications for whether these labor market costs are external;
that is, whether obese individuals pay for lower productivity levels {such as through more sick
days) associated with their body weight, or someone ¢lse pays. This theory suggests that obese
workers will pay for lower productivity through reduced wages. The economics literature on
obesity-related wage differences—for example, Register and Williams {1990, Pagan and Davila
(1997), and Cawley (2000)-—unanimously finds that obese workers earn lower wages than their
thinner colleagues, and that these differences are equal to or greater than the wage differences
that would arise from measurable productivity differences. Hence, both theory and evidence
suggest that these “indirect”™ costs of obesity are not external.
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Choose weight loss: @ Choose consumption: €

l L [ -

Initial Weight W, Insurance Starts Health Observed Insurance Ends
received Eamn Income

Fig. 2.1 Model timeline

receiving severe and costly health shocks).” Since CONSUIMETs are ins_ured,
they are reimbursed for all of these additional medical care expenditures
associated with heaith shocks. In the second stage, nature reveals a heal_th
shock with i = 1. .. N points of support.'? Each type of health shock entails
additional medical expenses, M,. Essentially, weight gain shifts the hea%th
shock distribution so that expected medical care expenditures increase with
weight. Consumers first observe this health shock, and then decide §}f?w
much to consume. The consumers’ problem is to maximize expected utility
by jointly choosing weight change (w) and a consumption plan {C}L, for
each of the N possible health states:

n
Q) max EUzEl«r.-(%—"w)U<c,-)—@<w),
where U(C,) represents utility from consumption; (W~ ) is Fhe grobab:b
ity of health state i given weight (W, — w); C, is the consumption in health
state #; and, ®(w) is the disutility from weight loss. .
We divide our analysis now into two cases: (a) health insurance pools rz‘sk
across people with heterogeneous risk (so that premiums c§o not change with
body weight); and (b) people pay the risk-adjusted premiums jfor th_en' own
body weight. The primary difference between these cases manifests itself in
conpsumer budget constraints.

2.3.1 Risk Pooling

In this case, health risk is pooled across people of different bo.dy weight.
As long as the pool size is large enough, a single éndividual’g medical expen-
ditures will have a negligible effect on the common premium, f, ghgrged
to everyone in the pool. Hence, from the point of vifaw pf each individual,
premiums are taken as fixed, and the budget constraint is:

9, The model can also be interpreted as a model of weight gain, with a reinterpretation of the
source of disutility from this gain (diminished bo;:ly image, per.ifz.aps}. The main point is that a
change in weight away from the optimum choice induces disutility. ) _

10. The results of the model are similar when health shocks are permitted to be continuous,
but the solution technology is less transparent.
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2) KW, +w)=C,+ PVi,

Inequation (2}, KW, + w) is the income earned by an individual who weighs
W, + w. By allowing income to depend upon weight, we are modeling the
effect of health on labor market productivity. We assume that [ ‘()= 0.

The budget constraint specifies that in each health state 7, income equals
expenditures on consumption and health insurance premiums. An imme-
diate consequence of equation (2) is that consumption is identical in each
health state, which makes sense since consumers are fully insured against
medical expenditures. _

The consumer’s problem is to maximize expected utility, equation (1), sub-
ject to the budget constraint, equation (2), We solve the consumer’s problem
using standard discrete numerical programming methods. In the first step,
taking the amount of weight as given, we calculate the optimal demand for
consumption in each health state. Inputting the optimal consumption plan
in the utility function gives the maximum utility attainable in each health
state. In the second stage, we choose weight to maximize expected utility
given optimal consumption in each health state.

Plugging the budget constraint into equation (1), we reformulate the con-
sumers’ problem in the second stage:

(3) max EU = UKW, — @) ~ P) — O(w).
The first-order condition for the consumer’s maximization problem is:
(4) ~ I (W, — oMU I(W, ~ ¥) = P) ~ ®'(w¥) = 0.

Here, »* is the consumer’s optimal weight in the pooling case. The first
term in equation (4) is the marginal gain from weight loss; it is entirely due
to the marginal increase in income from increased productivity arising from
weight loss (scaled by the marginal utility of consumption). In equilibrium,
consumers will lose weight until the marginal gain from weight loss equals
the marginal disutility from weight loss.

If the insurance market is in competitive equilibrium, then premiums
will be actuarially fair. They will equal the expected medical expenses for
individuals in the insurance pool:

) Be w (W, — "M,
F=l

Equation (4) also shows that since consumers are fully insured against
medical expenses, the only incentive for weight loss is the increase in income
due to weight loss. Thus, when insurance premiums do not depend on
weight, consumers do not view the reduction in medical expenditures as
an additional benefit of weight loss when making decisions about body
weight. Insurance induces a form of moral hazard with respect to weight
loss incentives since the benefits of weight loss are not fully internalized by
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the consumer. As a consequence, weight loss creates a positive fextemality for
everyone else in the insurance pool, since it lowers their health msurance pre-
miums.'! Because this benefit is not fully captured by the consumer losing the
weight, insured people will tend to lose lesg weight than woulld be opmmak.
By contrast, the productivity benefits of wel'ght iossare ﬁlaﬂy Internabzed as
changes in productivity lead to an increase in consumer Income.

2.3.2 Risk-Adjusted Insurance

We now turn to the case where health insurance premiums adjust to reflect
the weight choice of consumers. In contrast to the previqus case, where the
premium is taken as fixed, consumers now face a r1§k-ad3usted sche‘duIe of
health insurance premiums that depends upon their own boFiy weight. In
the context of employer provided insurance, this could be ao]r.ueved by wage
reductions for obese employees, or simply by offering premium re.bates to
individuals who lose weight. In this case, the budget constraint is given by:

) KW, — @) = C,+ P(W, — @) Vi.

Here, P(W, - w) is the health insurance premiu‘m for an .il?dividua‘i‘who
weighs W, — w. Again, if the insurance mar}cet is c.ompetstx_ve, premivms
will be actuarially fair. Hence, they will be an increasing function of weight,
reflecting the increase in expected medical expenses:

(7) P(W, — w) = (iwi(mmw)MJ.

The consumers’ problem in this case can be reformuiated as:
&) max EU = UI(W, — w) — P(W, ~ w)) — P(w).
The first-order condition for the consumer’s maximization problem is:

©) —II 0, — 0*%) = P'(F, = U (W = o) = PO, = ™))
= O {w*F) = 0.

Here, »** is the consumer’s optimal weight in the risk»adjugted case.
Clearly, equation (9) is necessary for w** to be ind.ividuaiiy optsmal, bu_t
whether it is also socially optimal depends upon what is meant t?y social opti-
mality. Suppose EU is the expected utility of the representative consumer
in the economy, and all individuals start with the same mm‘al we}ght, W,
In that (unrealistic) case, o** can be said to be Socgliy optimal, since tpe
full social costs of body weight decisions are internalzzed._ In-ﬂ"le appe.nchx,
we consider a more realistic case where W, differs across individuals in the

11. This argument is developed in more detail in the appendix.
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population. We show that, aside from transfers that do not depend upon
final weight, W, ~ w**, equation (9) is a necessary condition for the social
optimum.

It is instructive to compare the first order condition in equation (9) with
the analogous condition in equation (4), when there was a single risk pool.
Both equations have a single term reflecting the marginal costs of weight
loss: ®'(.). However, equation (9) has two terms, F "(.)and P'(), reflecting the
marginal benefit of weight loss accruing from an increase in produetivity
and a decrease in the heaith insurance premium. By contrast, equation {4)
has only a single term reflecting the marginal productivity benefit of weight
loss: I'(.). Thus, when premiums reflect individual health risk, consumers
have two incentives for weight loss—productivity gains and lower health
insurance premiums. In this case, there is no moral hazard induced by health
insurance and consumer body weight decisions.

2.3.3 Deadweight Loss From the Obesity Externality

In this section, we show that the size of the loss in social welfare from the
obesity externality under-pooled premiums depends upon both the fact that
expected health expenditures are higher for the obese, and also upon how
responsive people would be in their weight loss decisions to a switch from
pooled to risk-adjusted premiums. This calculation is important because,
while there is a lot of empirical evidence that obese peopie are more likely
to have higher medical care expenditures than nonobese people, there is no
empirical evidence on whether pooled insurance causes obesity or weight
gain. Whether the rise in obesity prevalence is a public health crisis, or merely
a private crisis for many people, depends on the evidence on both gquantities,

We start with the expression for expected utility, evaluated at the optimum
under risk-adjusted insurance:

1) BU@™) = UU(W, — o) — P(W, = ™)) = B(0*),

We have imposed the condition that consumption does not vary with
health outcome since consumers are fully insured under both cases.

Next, we consider a first-order Taylor series approximation of equation
(10)-around w*, which is optimal weight loss under pooled insurance:

, JEU
{1D) EU{0%*) = EU(w*) -+ ~——
dw

The deadweight loss (DWL) from the obesity externality is the change in
expected utility resulting from pooling. Equation (11) suggests an approxi-
mation to this quantity;

(@™ — ¥),
"

o  JEU
(12) DWL = EU(w**) ~ EU(w?) = ——| Aa.
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Here, Aw = 0** — o* is the difference between opt.imal we%ght t.mder
risk-adjusted and pooled risk cases. Since weight i§ soc1a}§y optmgal in the
risk-adjusted case, Aw also reflects the degree to which weight choice differs
from socially optimal when peoling pertains. _ .

Using a first-order Taylor series approximaglon, the df?ad.wmght loss
(DWL) in expected utility terms due to the obesity externality is:

(13) DWL= {U'(I(¥, — o¥) = P(W, — &™)
X [T (W, — w*) -+ P, — ¥~ P (") Aw.

Substituting the first order condition in equation (4) in quation (13) },.rields
a simple expression for the dead weight loss from the obesity externality:

(14) DWL = U' ()P (W, ~ o*)Aw.

Equation (14) shows that the deadweight loss i.s proportional to two cru-
cial factors: the extent to which body weight deviates from the opt1ma1 due
to pooled health insurance when individuals donot begr the full medlca} care
costs of obesity, Aw, and the responsiveness of medical care expendxtm_‘es
to changes in weight, P'(W, ~ 0*). The dead weight loss from the ob?,ss‘ty
externality is zero if individual weight choice does not rgspond to sgbszdms
for obesity, or if medical expenditures do not change with body wehlght.

While several estimates of P'{W,~*) are available from the public health
and economics literatures, there is no work that quantifies Aw. Tg estimate
Aw, ideally, we would like to know: (a) body weight under pooled insurance
when the consumer is shielded from the medical care costs of obesity gnd
(b) under risk-adjusted premiums when the individual faces the fui} medical
care costs of obesity. To answer whether obesity creates a negativc':*, exter-
nality and lost social welfare through the health insurance mechanlsm., we
need to know whether risk-rating insurance premiums affects body weight.
Unfortunately, there are no real world data that we are aware of that would
permit us to ascertain the effect of risk rating on body Wetgh.t.

Instead, we aim at answering a related questionwwhethar. Insurance cov-
erage expansions along both extensive and iqtenswe margins cause body
weight to change. It is our conjecture that if insurance coverage dogs not
influence body weight choices, it is unlikely ti}at risk rating wquid influ-
ence body weight choices. Conversely, if heaith insurance expansion (sfiong
either intensive or extensive margins) does influence body weight, it is hke?ly,
depending on the mechanism by which risk 1'ating is 1mplem§§ted, thag risk
rating would influence body weight. We start with an empirical conszdgr-
ation of the intensive margin—expansions in health insurance generosity.
Next, we examine the effect of insurance status on the extensive margin; t}"l&t
is, whether the uninsured, who face the full medical care costs of obesity,
weigh less than the insured.
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2.4 The Intensive Margin: Increasing Generosity of Coverage

Using data from the RAND Health Insurance Experiment (HIE), we are
able to examine the effect of health insurance on body weight when people
are randomly assigned to different levels of insurance coverage (the intensive
margin). In the HIE, which was conducted in six areas of the country during
the late 1970s and early 1908s, approximately 2,000 nonelderly families were
assigned to differing levels of insurance coverage.'2 The purpose of the HIE
was to determine the effects of patient cost sharing on medical care utiliza-
tion and health. The participants were assigned to different fee-for-service
plans that varied along two dimensions: the coinsurance rate (the fraction of
billed charges paid by patients), and the maximum dollar expenditure (the
maximum amount a family would spend on covered expenditures during a
twelve-month period). The coverage was comprehensive in the sense that
it included nearly alf types of medical care. Participants remained enrolled
in their assigned plan and were followed for either three (70 percent) or
five years.

The plans were characterized by four different coinsurance percent-
ages—0 (often referred to as “free care™), 25 percent, 50 percent, and 95 per-
cent—and three levels of maximum out-of-pocket spending—35 percent,
10 percent, and 15 percent of family income up to a maximum of $1,000. In
one plan, the maximum dollar expenditure (MDE)}—also known as maxi-
mum out-of-pocket expenditures-—was set at $150 per individual, and $450
per family (often referred to as the “individual deductible plan”)." In this
plan, the coinsurance rate was 95 percent. In our empirical work, we cat-
egorize plans based on their coinsurance rate and control for the MDE.!
We categorize the individual deductible plan separately due to the more
complicated structure of the MDE.

In order to minimize participation bias, the investigators offered a partici-
pation incentive. The participation incentive for a given family was defined
as “the maximum loss risked by changing to the experimental plan from
existing coverage,” and was intended to ensure that families were equally
likely to participate independent of their prior health insurance status and
the plan to which they were assigned.

The study collected data on demographic and socioeconomic character-

12, This description of the HIE is based on information from Newhouse and the Insurance
Experiment Group, 1993.

13. The HIE also included an analysis of the effects of enrolling in ar HMO on the study
outcomes. Because it is difficult to measure the geserosity of a health maintenance organization
(HMO) relative to a fee-for-service (FFS) plan, we drop these enrollees from the analysis.

14, The coinsurance rate was constant across different types of services with ons exception.
In one plan, the coinsurance rate was 25 percent for all services except outpatient mental health
and dental, which had a 50 percent coinsurance rate. We include this plan in the 25 percent
coinsurance rate group.
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Table 2.1 Study population characteristics by pian assignment
All Free 25% 50% 95% Individual
N 2,461 824 492 167 442 536
BMIE at entry 24.79 24.80 24.70 2489 24.73 24.89
(4.53) (4.43) (4.81) (4.02) (4.41) (4.63)
BMI at exit 253 25.39 25.03 25.43 25.31 25.40
4.78) {4.64) (4.76) (4.63) (5.16) {4.76)
BMI change 0.52 0.59 0.33 6.55 0.58 0.51
(2.45) {2.46) (2.16) (2.42) (2.75) {2.44)
BMI change per year 0.135 0.16 0.10 G.15 0.17 0.15
(0.74) (0.74) (0.62) {0.66) (0.86) (0.74)
Obese at entry T 012 ¢.12 0.12 ¢.13 0.11 0.13
Obese at exit 0.14 0.14 0.13 016 0.12 0.15
Became obese 0.04 0.04 0.03 G.06 0.064 0.05

Note: Used chi-square test for categorical variables and f-test of mean relative to free for
continuous variables. No differences are statistically significant,

istics of enrcllees, as well as health status and medical care utilization, both
at bageline and during the experiment. This information included enrollee
height and weight, both at baseline and at exit, and we use these measures to
calculate body mass index (BMI) at each point in time for each enroilee. We
limit our analysis to adults (age = 21), and drop observations with missing
data for key control variables (age, education, family income, race, gender,
marital status, and self-reported health status).

Table 2.1 presents data on body weight by plan type. We find no evidence
of statistically significant differences by plan type in body weight, as mea-
sured by either BMI or obesity status, either at entry or at exit. In addition,
we find no evidence of differences across the plans 1 changes in these mea-
sures, The directions of the differences between plans in changes in BMI,
however, are consistent with the hypothesized effect. In other words, enroll-
ees in the free plan experienced the largest change in BMI over the study
period (0.59) and the difference in change in BMI between the free plan
(0.59) and the 25 percent coinsurance plan (0.33) is statistically significant
at p = 0.06."° The results are less consistent for the indicator of becoming
obese. In this case, the differences across plans based on their level of cost-
sharing are not consistent across plans.

In appendix table 1A.1, we document some differences across the plansin
enrollee characteristics despite random assignment. In particular, average
family income varies across the plans, and correspondingly, the participation

15. This finding is consistent with resuits reported by the HIE which find that, while the
difference in weight/height"2 at exit between enrollees in the free plan and enrollees in the other
plans was not statistically significant, the direction of the effect favored the cost sharing plans
(Newhouse and Insurance Experiment Group 1993, 198).
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i)nce.litive as well. In addition, enrollee assignment to plans is not balanced
V site.

In table 2.2, we determine whether the estimates of the effects of plan
§ost-sh§ring are influenced by these differences by controlling for them
in multivariate models. The multivariate models also allow us to control
for th_e enrollees’ maximum dollar expenditure. We estimate models with
two different dependent variables: the BMI change per year (to control for
dxﬁ"erences across enroilees in their enrollment period}, and an indicator of
whether an individual became obese during the study period. We estimate
three versions of each model, In the first, we control for plan characteristics
only (the dummy variable indicating the coinsurance rate and the MDE)
.In the second, we add the controls for individual characteristics presented.
in appepdix table 1A.1. In the third, we control for both individual char-
acte?lgtws.and aspects of study design including the site and the enroliee’s
participation incentive. We estimate the models using least squares. The
results from the model of the probability of becoming obese are similar
when we estimate a maximum likelihood logit model.

Table 2.2 The effect of insurance coverage on body weight and obesity—
Randomized health plan assignment
BMI change per year Became obese
0 ) 3 ) @ 3
25% coinsurance rate 0108 0175 -0.179 0005 -0012 0016
o [1.48} [2261% {2251 [0.23 [6.57} [0.71]
50% coinsurance rate -0.062 -0.139  -0.032  0.025 0.016 0.007
{0.64] [1.36] 1.26 0.92 .
95% coinsurance rate -0.032 -0l E0.1 111 {0 : ngs}?} Egg‘lﬂ‘j
o [0.40] [1.28] [131)  [0.00] {}:41 0.61
Individual deductible ~0.037 0071 0070 0.01 [0.(}{)1/' [O‘GOL
0720 [133]  [145]  [0.68 (
Maximum $ expenditure G 0 { 0 Pt G : [0'426] [0-2(}52
§0.701 £1.65] [1.93}  [0.35) f0.18 0.73
Constant 0.161 0442 039 0.051 0. 2623 {0: H 9]7
[6.32]*  [1.92]  [L.6§] [288F"*  [2.597  [2.95]%*
Includes individual controls X X X X
Includes site effects and
participation incentive X X
Observations 2,441 2,44] 2,441 2,441 2,441 2,441
R-squared 0 0.01 0.0 Q 0.01 .01

Note: Absolute value of ¢ statistics in brackets. “X” means that the regression includes either

individual controls and controls for si icipation i :
may be), ite effects and the participation incentive (as the case

**Significant at the S percent level,
*Significant at the 10 percent Jevel.
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The results from the multivariate models are substantively similar to
those from the unadjusted comparisons (table 2.2). While people randomly
assigned to plans with cost-sharing experienced a smaller annual change in
BMI during the experiment relative to those assigned to the free plan, the
effect is statistically significant only in the case of the plan with the 25 per-
cent coinsurance rate. And in this case, the effect is guite small. A (.175
reduction in BMI represents less than 1 percent of BMI at entry among this
group. Correspondingly, we do not find consistent evidence of differences
by plan type in the probability of becoming obese during the study period.
The direction of the effect varies by plan and none of the estimates are sta-
tistically significant.

2.5 The Extensive Margin: fnsured vs. Uninsared

‘While the RAND data allow us to examine the responsiveness of body
weight to a change in the generosity of coverage, the fact that everyone in
the experiment had health insurance coverage leaves open the possibility
of an effect along the extensive margin. In other words, the responsiveness
of body weight to any insurance relative to none may be greater than the
responsiveness to changes in the generosity of that coverage.

2.5.1 Methods

We use instrumental variables (IV) regressions to estimate the causal
effects of private and public insurance coverage on body weight as measured
by BMI and obesity status. If our instruments are valid, IV methods purge
the estimates of confounding due to observable and unchbservable charac-
teristics. We first estimate a linear instrumental variables model estimated
via two stage least squares. These models are widely used and a powerful
tools in such contexts. However, for nonlinear and limited dependent vari-
able models in general, the linear IV model may either be inappropriate or
not work well in practice. Specifically, in our case, although the outcomes
of interest are either binary or linear, the endogenous regressors (dummy
variables for private and public insurance) are limited dependent variables. A
linear IV model would treat the endogenous regressors as if they were linear
and unrelated, when, in fact, the insurance choices are mutually exclusive
and exhaustive.

To address the discrete nature of our data, we next estimate a noniin-
ear instrumental variables model using latent factors to account for selec-
tion on unobservables. Our model respects the multinomial nature of the
endogenous regressors as well as the binary or linear nature of the outcome.
Specifically, we assume that the endogenous regressors have a multinomial
logit form, while the outcome equations have logit and normal (linear) forms
respectively. Then, latent factors are incorporated into the equations to allow
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for unobserved influences on insurance choice to affect outcomes, and their
Jjoint distribution specified (Deb and Trivedi 1997).

. The main computational problem is that the joint distribution, which
involves a multidimensional integral, does not have a closed form solution.
This difficulty can be addressed using simulation-based estimation. Using
r}ormally distributed random draws for the latent variables, a simulated like-
lihood function for the data is defined and its parameters estimated using a
Maximum Simulated Likelihood Estimator. Because of the complexity of
our model and the large sample size, standard simulation methods are quite
slow. Therefore, we adapt an acceleration technique that uses quasi-random
draws based on Halton sequences, The formulation, estimation methods,
and exposition borrows heavily from Deb and Trivedi (2006).

_ The model is represented by two sets of equations. In the first set of equa-
tions, the insurance cheices (private, public, or uninsured) are represented
by a multinomial logit model. The second equation, representing the out-
come, is modeled as an ordinary least squares (OLS) (BMI as outcome) or
logit (obese status as outcome) model. In this model, the choice of insur-
ance and outcome are linked because insurance choices are regressors in
the outcome module and because there are common unobservable (latent)
factors.

Let Pvtand Pub be binary variables representing private and public insur-
ance coverage. For BMI, we specify the outcome equation as follows:
{15 BMI = xf + +y,private + v,Public + A/

{"pvt + }\2"’ + g,

pub

where x is a set of exogenous covariates and B, +y,, and v, are parameters
associated with the exogenous covariates and the endogenous insurance
variables. The error term is partitioned into €, an independently distributed
randgm error, and latent factors [, and [, which denote unobserved char-
acteristics common to an individual’s choice of insurance and the outcome
of that individual. The A, and X, are factor loadings or parameters associ-
ated with the latent factors that capture the degree of correlation between
unobserved determinants of insurance choice and outcomes. If £ is normally
distributed, then

(16) Pr(BMI = BMI* | x, Pvt, Pub, ]

pvi? lpuh) =
G(BMI* ~ (B + v, Pyt + y,Pub + ML + ML),

We estimate a separate version of this model with an indicator of obesity,
which we define as BMI greater than 30, as the outcome variable. In this
second version of the model, we assume a logit functional form.

(16") Prlobese = 1|x, z, Pvt, Pub, Lo D) =
(1 + exp(xB + v,Pvt + v,Pub + Mo + Mol D™
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Following the multinomial logit framework {McFadden 198.0,. 315), we
formulate the probability of choosing in private nsurance, public insurance
or remaining uninsured as:

B explza,, + 8
- 1+ CXp(ZOLWL + ai[pw) + exp(zapub + 8llpub)

Pr{PVt =1 i Z, Ipvu Ipubiic

exp(zo'“pub + 81[@“")
ub]iz) - 1+ SXP(Z‘vat A 61[13“) + exp(Zetpub + Sllpub)

(17) Pr(Pub=1jz L, 1,

Pr(Pvt =0, Pub= 0|z, L, L) = 1 — Pr(private = 1) — Pr{public = 1),

where z denotes exogenous covariates (instrumental variables) that enter
only the insurance choice model, but not the main outhme g}odel. We
denote covariates in this site-choice module by z, and covariates in the out-
come equation by x to highlight the fact that they contain the instrumental
variables in the empirical analysis. . ‘

Because the latent factors [, and [, enter both choice of insurance equa-
tion (17), and outcome (16 and 16") equations, they capture the unobser‘{ed
factors that induce self-selection into insurance and are also correlg{ed with
unobservable factors related to outcomes. Under these assumptions, the
joint distribution of selection and outcome variables, co_nditlonai on the
common latent factors, is simply the product of the functions described in
equations (16), (16"), and (17).

The problem in estimation arises because the common latent f‘actgrs Lo
and [, are unknown. We assume that these latent facto'rs are d1str1?3uted
bivariate normal with mean zero, variance one, and arbitrary covariance.
Given this assumption, the latent factors can be integrated out of the joint
density. For example, the joint density of observing outcome obese = 1 and

Pvt = lis:

Pr(obese = I, Pvi=1{x,2) =

ﬂ exp(za,,, + 300
(18 ) 1+ explzay,, + 8,1, + explza,, + B Lyer)
%
i

* (1 + exp(xB + 'Yvar + szub + }\llpvt + h2!pub})
X {i)(lpub, Ipde[pvldeub’

where &L, 1,0 is the bivariate normal partial density function. ‘

Cast in this form, the unknown parameters of the model may bfe estimated
by maximum likelihood estimators (MLE). The main computa't:onai prob-
lem is that the double integral in equation (18) does not have, in genere-xl, a
closed form solution. But this difficulty can be addressed usipg sm}uiat;om
based estimation (Gouriéroux and Monfort 1996) to numerically mtegrate
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equation (18). Because of the complexity of our model, standard simulation
methods are quite slow. Therefore, we adapt an acceleration technique that
uses quasi-random draws based on Halton sequences (Bhat 2001; Train
2002). We maximize the sirnulated likelihood using a quasi-Newton algo-
rithm.

2.5.2 Data and Instruments

Daia

The primary data source for our analysis is the National Longitudinal
Survey of Youth (NLSY). The NLSY includes a nationally representative
sample of 12,686 people aged fourteen to twenty-two years in 1979, who
were surveyed annually untii 1994, and biennially through 2004, Our study
uses NLSY data from 1989 to 2004, We exclude the years prior to 1989, as
well as 1991, because the survey did not collect information on health insur-
ance status in those years. We further restrict the sample, excluding pregnant
women. After these restrictions, 79,876 person-vear observations (40,223
male and 39,653 female) were eligible to be included in the study sample.

Instruments

We use the two sets of instruments for insurance choice. The first set of
instruments captures the distribution of firm size in every state and year.
These data are obtained from the Statistics of 1.S. Businesses (SUSB) avail-
able online at http://'www.sba.gov/advo/research/data.html. We use these
data to construct two instruments at the state-year level: (a) percentage
of workers employed in firms with 100 to 499 employees, (b) percentage
of workers employed in firms with 500 or more employees. These instru-
ments would be valid under two conditions. First, they should be strong
predictors of private insurance coverage. Second, they should affect weight
choice only through their effect on insurance choice. In the next section, we
show that the instruments are strong predictors of private insurance as large
firms are more likely to cover employees. The second assumption cannot be
directly tested; however, it seems unlikely that changes in firm size distribu-
tion within a state (our models have state fixed effects) would be related to
weight choices, except through insurance coverage. However, one important
caveat is that it is possible that obese workers might prefer to live in states
with larger firms to enjoy the benefits of pooled health insurance at these
firms. To the extent that this is true, our IV estimates will overestimate the
effects of insurance on body weight and obesity.

The second instrument captures generosity of Medicaid coverage. There
has been a significant expansion of Medicaid eligibility during this period,
and there is significant variation across states in the pace at which these
expansions have occurred. Prior research documents a strong association
between Medicaid expansions and public insurance coverage. We use data
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from several years of the Current Population Survey (CPS} to construct
this instrument. First, we regress a binary variable for Medicaid coverage
on detailed information on demographics, family composition, income, and
state X time fixed effects. The state % time fixed effects measure the generos-
ity of Medicaid coverage in each state and year after controlling for other
important determinants of Medicaid coverage. We posit that these state X
time fixed effects essentially capture differences in Medicaid eligibility rules
or enforcement of these rules. We use these fixed effects to create a predicted
probability of Medicaid coverage for a standardized population and use
these predicted probabilities as an instrument for public insurance cover-
age. Again, our instrument is valid if variation in our measure of Medic-
aid eligibility within a state is not correlated with unobserved determinants
of obesity within a state. For example, our 1V estimates would be biased
upwards if deteriorating economic conditions increased obesity rates and
also prompted states to expand Medicaid eligibility.

Finally, we also explored using state marginal income tax rates as an instru-
ment for insurance coverage. State marginal income taxes are an attractive
candidate for an instrumental variable because employer-sponsored health
insurance premiums are exempt from state and federal payroll taxes. There-
fore, the subsidy for employer-sponsored insurance is greater int states with
higher marginal income taxes. If the demand for insurance slopes down-
ward, then states with higher marginal income tax rates should have a higher
proportion of people with employer-provided insurance. Unfortunately,
this did not hold true in our sample. We found no significant relationship
between state marginal income tax rates and insurance coverage.

Other Explanatory Variables

We include several other explanatory variables including race, age, gen-
der, income, Armed Forces Qualifying Test (AFQT) scores and year fixed
effects. All these variables are plausibly exogenous and important predictors
of weight and insurance choices. In addition, in our preferred specifications
we include state fixed effects to control for tite invariant differences across
states. This is important as our instruments are measured at the state level.

2.5.3 Results

Table 2.3 presents the results from the second stage of the two-stage least
squares (2SLS) regressions. Appendix table 2A.2 presents the first stage
results. The aim of these regressions is to estimate the causal effect of public
and private insurance on BMI and obesity. The first model presents results
from the regression model without state fixed effects. The results show that
both private and public insurance have no statistically significant effect on
BMLI. The point estimates for both public and private insurance are positive,
but are estimated imprecisely. This is despite the strong predictive power of
the instruments in the first stage [F-stat = 139].

The next model includes state fixed effects to capture time invariant

Effect of public and private insurance on BMI and obestty: 2SLS resuits

Table 2.3

Obese-no state FE Obese-state FE

BMI-state FE

BMIi-no state FE

Std. error Coeflicient Std. error Coefficient Std, error Coefficient Std. error

Coefficient

6.7831
0.3593
0.0077
0.0077
0.0272
0.0279
0.6200
0.0162
0.0139
0.0148
0.0212
0.0077
0.0001
0.0295
0.0484
0.089¢
0.0363
0.6001
0.0801
0.0309
0.0124
0.2477

~(.1239
-0.4573

0.0931
0.0570
0.0056
0.0066
0.0078
0.0082
0.0083
0.0092
0.0102
0.0114
0.0132
¢.0049
.0001
0.0050
0.0065
0.0188
0.6072
0.6000
0.0149
(0.0075
0.0050
0.0910

~-0.0840

10.7426
4.8906
0.1093
0.1086
0.3817
0.3900
0.2803
0.2243
0.1918
0.2067
(.2957
0.1064
0.0013
0.4127
0.6630
1.2250
0.5038
0.0012
1.1223
0.4249
0.1703
3.4176

-3.8172
~7.7786

1.2298
0.7741
0.0763
0.0889
0.1047
0.1091
0.1129
0.1216
0.1339
0.1506
0.1740
0.0652
0.0009
0.0657
G.0857
0.2615
0.0959
0.0002
0.2004
0.1019
0.0658
1.2164

0.7002
0.9065
0.2208
0.5856
0.7654
0.7935
0.9836
1.2102
1.6074
1.7830
1.8644
0.3858
~0.0039

Public ins.

Private ins.

(0168
0.0119

0.0151

6.2926
(.5303
.4364
.6006
0.8122
1.2379
1.7121
1.6174
1.5763
0.4975
~0.0051

Year—1990
Year—1692
Year—1993
Year—1994

0.0300
0.0188
0.0298
0.0378
0.0687
0.1041
0.0919
0.0889
0.0284
~0.0003

0.0330
0.0415
0.0485
0.0525
0.0708
(0.0999
0.1029
0.1091
0.0230
~(,0002

Year—1996
Year—1998

Year—2000
Year-—2002
Year—2004

Age

Age square
Nonwhite

Male

0.0556
~-0.0214
~{.0633

0.0789
~0.015¢

1.0474
(4774
-1.1703
~0.4040

1.3416
0.8224
1.1532
4730
-0.0007

0.0732
0.0322
~0.6001

Educ 010 8 yrs.

-0.0222

Educ8to 12 yrs.
Income (8000s)

AFQT quartile 1

0.0001
-0.0549
-0.0106

0.0013
-0.8140
-0.1584

0.0666
0.0397
0.0215
-0.4152

1.0038
0.6752
0.3557
14.8588

AFQT quartile 2

0.0023
~0.0761

0.03%0
20.5830

AFQT quartile 3

Constant
Number of observations: 70,168
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differences across states. The point estimates from this model are implausi-
bly large and very imprecisely estimated. The results indicate that publicand
private insurance coverage reduce BMI by 3.8 and 7.7 points respectively.
However, despite these large point estimates, these estimates are statisti-
cally insignificant. These are classical symptoms of the weak instruments
problem in a two stage least squares estimate (Staiger and Stock 1997). In
this specification the instruments are weak predictors of insurance coverage
[F-stat 2.9].

The last models present results from models with obese status as the out-
come variable. The results are consistent with the BMI model. Public and
private insurance coverage have no statistically significant effect on obesity,
and the point estimates from the specification with state fixed effects are
implausibly large.

Table 2.4 and appendix table 2A.3 present the results from the MLE mod-
els. These models are our preferred specification. The MLE models have
several advantages in this context. First, they respect the categorical nature
of the endogenous variable. Second, well-specified MLE models are more
efficient than 2SLS models. Third, MLE models are less affected by weak
instruments in terms of both bias and confidence intervals of the regres-
sion coefficient (Staiger and Stock 1997; Lakdawalla, Sood, and Goldman
2006).

The results from the first model show that both public and private insur-
ance have a statistically significantly effect on BMI. The results indicate
that private insurance increases BMI by 1.3 points, and public insurance
increases BMI by 2.1 points. Both these effects are quite large and are pre-
cisely estimated. For example, the effects of private insurance on BMI are
similar to moving from the highest AFQT quartile to the lowest AFQT
quartiles or moving from less than eight years of education to more that

twelve vears of education. The second model includes state fixed effects.
The results are virtually unchanged. The last two models use obesity as an
outcome model. The results from these regressions are consistent with the
BMI models—both public and private insurance increase obesity.

2.6 Conclusion

Qur results indicate that extending insurance coverage to the uninsured
will increase body weight. We find that both public and private insurance
increase body weight, with somewhat larger effects for public insurance cov-
erage. The effect sizes we measure of the effect of both public and private
insurance coverage on body weight are large and precisely estimated. By
contrast, we find no evidence that increasing the generosity of insurance
coverage for the already insured leads to increases in body weight.

There are several reasons why the extensive margin of insurance matters
and the intensive margin is less effective in influencing body weight choices.

TFable 2.4

Effect of public and private insurance on BMI and obesity: MLE results

BMli-state FE Ohbese-no state FE Obese-state FE

BMI-no state FE

Coefficient Std. error Coefficient Std. error Coeflicient Std. error

Std. error

Coefficient

0.987 0.311

(.245
0.205

0.004 0.847

0.154
0.076

1.309
2.190
0.217

0.093

0.151

1.26%
2.092

Private ins,

0.264
0.056

¢.873

0.667

Public ins,

$.130
0.332

0.053

0.125

0.076

0.214

Year—1960
Year—1i992
Year—1993

0.066
0.072

0.089 0.583 0.089 0.318 0.060
0.064

0.586
0.667

0.655 0.092 0.366 0.376
0.406

0.092

0.076

0.420
0.462

0.067
0.075

0.098

(.744

0.956

0.098
0.108
0.126¢
0.i33
0.149
G.170
0.064
0.004

0.751

Year--—1994
Year— 1996

Year—1998

0.086

0.443

0.108
0.120
0.133
0.14%
0.170
0.064
0.001

0.957

0.544 0.082 0,565 0.095

0718

1187
1.594
1.783
1.851

1.187

0.752 G116

0.095

1.593
1777
1.849
0.378
~(1L0G4

Year-—2000
Year—-2002

(.132
0.144

G107 G.803
0.039

0.118

0.762

0.848

0.806

Year--2004

A

0.196
-0.002

0.036

0.190
-0.002

0.376
-0.004

g6

0.001

0.000

Age square
Nonwhite

Male

0.050 1.325 0.052 0.482 0.044 0.531 0.065
0918 0.041

1.308
0.906

0.038 0.048 0.044

0.028

0.041

0.638 0.131

0.106
0.040

0.598
0.244

0.155
0.049
0.600

i.166
0.505
~0.001

0.15¢6

0.049

1.199
0.470
-0.004

Educ0to § yrs.

0.033

(.286
-(1,004

Educ 810 12 yrs.
Income ($000s)

¢.002

0.002

-0.004

0.000

6.077 0.877 0.078 0.476 0.067 0.454 0.079

0.965

AFQT guartile 1

0.065 0.650 0.066 0.327 0.047 0.316 0.054
0.036

(.654

AFQT quartile 2

0.039

0.170
—7.508

0.180
-7.108

0.057 0.345 0.058
14.494

0.366
14.671

AFQT quartile 3
Constant

1.052

0.830

1.093

1.082

Number of observations: 70,168
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First, changes in the intensive margin of insurance likely have a smaller effect
on changes in expected out-of-pocket medical expenditures due to obesity.
This means that changes in the intensive margin of insurance produce
weaker financial incentives to change body weight. Second, changes in the
extensive margin of insurance might be more salient to consumers; conse-
quently, such changes might affect behavior more than changes in insurance
benefits. Finally, risk-averse consumers might respond more to changes in
the likelihood of large Josses. Changes in the intensive margin of insurance
do affect the probability of catastrophic out-of-pocket expenditures, thus
they might not influence body weight choices by much. One interpretation
of our findings is that large changes in financial incentives (such as those
encountered along the extensive margin) affect body weight outcomes, while
smaller changes in financial incentives (such as those encountered along the
intensive margin) do not.

While our results indicate that insurance increases obesity, other authors
have come to a different conclusion using a similar approach (Rashad and
Markowitz 2010). We demonstrate that the difference is likely due to the
method of estimation. When we estimate the model using two-stage least
squares, which does not account for the discrete nature of the endogenous
indicator of health insurance, our estimates are similar in the sense that we
find little evidence that body weight is elastic with respect to insurance cov-
erage. Adopting an alternative maximum likelihood method of estimation,
which handles explicitly the discrete endogenous variable and is more robust
to weak instruments problem, we reach a different conclusion. Body weight
is responsive to health insurance coverage in these models. The estimate is
both relatively large in magnitude and precise, and does not vary across the
different model specifications.

Our estimates suggest that, by insulating people from the costs of obesity-
related medical care expenditures, insurance coverage expansions create
moral hazard in behaviors related to body weight. These effects are larger
in public insurance programs where premiums are not risk-adjusted, and
smaller in private insurance markets where the obese might pay for incre-
mental medical care costs in the form of lower wages (Bhattacharya and
Bundorf 2009). By contrast, our estimates ajso suggest that making insur-
ance more generous has no effect on body weight. Taken together, these
findings indicate that providing incentives for healthy behaviors such as
risk-rating insurance premiums in private may be effective in reducing body
weight in the population (though Bhattacharya and Bundorf {20097 find
that employer provided heaith insurance is already implicitly risk-rated for
obesity). Policies that impose costs on increases in body weight among those
with public coverage may also reduce body weight, though in that case equity
concerns are certain to be important in the policy discussion. The policy
challenge will be to design mechanisms that impose costs along the extensive
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@argig, which given our results are likely to be effective, but not along the
mtensive margin, which are not.

Appendix
A Characterization of the Social Optimum

in §his section, we derive necessary conditions characterizing the sociaily
optimal level of weight loss for a society of j= 1. . . Jindividuals. Each has
the following expected utility, taken from equation (1):

N
(A.1) BU, = 3 w(Wy — 0)U(C,) ~ P(w).
i=1

. We define total social welfare, 13, as the sum of expected utilities over all
individuals in the society:

J
(A.2) 0= v,EU,

In equation (A.2), v, represents the Pareto weight that individual j has
in the social welfare function. In the social budget constraint, total income
equals total expenditures on consumption plus total medical expenditures
over ail individuals. Both income and the distribution of medical expendi-
tures depend upon body weight decisions:

J N
(A.3) Z{I(Waj —w)— ¥ (W, — w)(M, + c;.j)} = (.
je=l i=!

Equation (A.3) builds in our assumption that expectations about the
distribution of medical expenditures in the population correspond to the
observed distribution of expenditures.

The social problem is to pick consumption and body weight for all indi-
viduals in every state of the world—{C,, v} Vi,j—to maximize U subject
to the social budget constraint. To this end, we construct the following
Lagrangian function, where \ is the multiplier associated with the social
budget constraint, (A-3);

J N

(A4) L=3%ym(Wy— w)UC,) ~ vo)

=l i=1

i=1

-\ Z*[f( Wy — w) — iwi(Wl}j — W} (M, + ij)}-

There are two sets of first order conditions:
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JL
(A.5) 36 YU'(Cp) + N =0Vi,j,and
i
L X, ,
(A8 5= Lm0y~ @ UG) 1P )
i =

N
- f\(mwo,- — @)+ YWy~ w)(M, + c:)-)) =0Yj.
i=]

An immediate implication of equation (A.5) is that at the social optimum,
each individual j in the society must set his (or her) consumption level to the
same value, say Cf*, dcross all the N different health states:

(A7) C,=Cr Vi,
Applying equation (A.7) to equation (A.6) yields the following:

N
A8) —(UCH + A\ Y m( Wy — @) = 1P'()
i=]
N
+ x(r’(Woj —-w)+ 3 MWy~ wj)> = 0V].
i=]
By definition, 2%, ;m (W~ w,) = 1, so we have E‘}’:mj (Wy—w) = 0.Further-

more, differentiating equation (7), which defines the risk-adjusted premium,
P(Wy,— w), yields the fact that:

N
(A.9) P Wy =~ w) = — > mi( Wy, — w)M,Yj.
=i
These equations and equation (A-5) permit a further simplification of equa-
tion (A-8):
(A10) =)~ U(CH Wy — @) — P (W — w)} = 0 V).

Hence, the social optimum requires each individual to equate the mar-
ginal (utility) costs of weight loss with the marginal (utility) benefits from
the weight loss—an increase in income and a reduction in expected medical
costs.

One feasible allocation that meets equation (A.10) wouid set consumption
for each individual equal to income, less the risk-adjusted premium given

weight:

(A.11) Cx = KWy~ w) = P(Wy— w) V).

It is easy to show that this allocation would be optimal for some distri-
bution of initial body weight, { W}, and some set of Pareto weights, {v;.
In this allocation, there are no transfers between individuals with different
initial body weights. Other optimal and feasible allocations are possible,
but these would involve fixed transfers between individuals that do not

RAND enrolices demographic and health status covariates are bakanced at start of experiment

Table 2A.1

Free 25% 50% 05% Individeal

All

536

442

37.35
(11.14)

167
18.35
(11.16)

492
36.91

824

2,461

N

36.70
(11.14)

17.85
(1151

12.15

37.36
(11.18)

Age (years)

(10.69)

12.39
(3.00)
11,229
(5,710}
345.40

12.47 i2.41

12.48
(2.91)
11,879*
(5.785)
702.81%%

12.34
(3.03)
11,524
(5,772)
461.17

Education (years of school completed)

(2.87)
11,654
(5,791)

733,225

(3.07)
12,993+

(3.20)
11,135
(5,734)
175.32

Family income (year preceding enrollment}

(5,825)
811.14%

Participation incentive offered at enrollment

@11

(348)
0.86
0.13
0.01
0.77
0.57
0.46
0.43
0.09
0.02
0.01

(324)
0.92
0.07
0.01
0.83
0.56
0.49
0.40
0.10
0.02

(281
0.87
0.11
0.02
0.81
0.53
0.45
043
0.10
0.01
0.61

(238)

(370

0.88
0.11

0.87
0.12
0.01
0.81
0.54
0.45
0.42
0.10
0.03
0.0%

0.88
0.1t

Race—white

Race--black
Race—~other

Married
Female

0.01
0.79
0.53
0.45
0.45
0.07
0.02
0.00

0.0t
0.80
0.54
0.45
0.43
0.09
0.02
0.01

Self reported health status—excellent
Self reported health status—good

Self reported health status—~fair

Self reported health status—poor

Self reported health status—rmissing

Note: Dashed cell means that there are no observations in that category (50 percent copayment) who had a missing value for self-reported health status,

**Significant at the 5 percent level,

*Significant at the 10 percent level.
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depend upon final body weight (though they might depend upon initial
body weight). Optimal transfers would clearly vary with {v;}, though all
optimal allocations would need to obey condition (A.10).
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Food Prices and the Dynamics
of Body Weight

Dana Goldman, Darius Lakdawalla, and Yuhui Zheng

3.1 Introduction

A great many policy approaches to the obesity epidemic have been pro-
posed. A popular choice among these has been the imposition of a “fat tax”
on selected foods that are deemed to promote obesity, as a result of high
caloric density, low nutritional value, or high fat content (Jacobson and
Brownell 2000; Nestle and Jacobson 2000}, In the year 2000, for example,
there were nineteen states and cities in the United States that imposed taxes
on less nutritious foods like soft drinks, sweets, or snack foods (Jacobson
and Brownell 2000). In the past, policymakers viewed these primarily as
“sin taxes” designed to raise revenue rather than influence health. Most
localities use revenues for general purposes. Others earmark them for specific
purposes, like violence prevention (Washington), Medicaid (Arkansas), or
medical schools (West Virginia). Such taxes were strongly opposed by the
soft drink and food industries. Perhaps as a result, twelve localities have
reduced or repealed such taxes in recent years.

Understanding the public economics of fat taxes requires an understand-
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