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Selection on Moral Hazard in Health Insurance†

By Liran Einav, Amy Finkelstein, Stephen P. Ryan,  
Paul Schrimpf, and Mark R. Cullen*

We use employee-level panel data from a single firm to explore the 
possibility that individuals may select insurance coverage in part 
based on their anticipated behavioral (“moral hazard”) response 
to insurance, a phenomenon we label “selection on moral hazard.” 
Using a model of plan choice and medical utilization, we present 
evidence of heterogenous moral hazard as well as selection on it, 
and explore some of its implications. For example, we show that, 
at least in our context, abstracting from selection on moral hazard 
could lead to overestimates of the spending reduction associated 
with introducing a high-deductible health insurance option. (JEL 
D82, G22, I13, J32)

Economic analysis of market failure in insurance markets tends to analyze selec-
tion and moral hazard as distinct phenomena. In this paper, we explore the potential 
for selection on moral hazard in insurance markets. By this we mean the possibility 
that moral hazard effects are heterogenous across individuals, and that individuals’ 
selection of insurance coverage is affected by their anticipated behavioral response to 
coverage. We examine these issues empirically in the context of employer-provided 
health insurance in the United States. Specifically, we break down the general 
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problem of adverse selection to two components: one is driven by the “traditional” 
selection on the level of expected health risk, while the other is driven by slope of 
spending, namely the incremental medical utilization that is due to greater insurance 
coverage, which we refer to as “moral hazard.”

Such selection on moral hazard has implications for the standard analysis of both 
selection and moral hazard. For example, a standard approach to influence selection 
in insurance markets is risk adjustment; i.e., pricing on observable characteristics 
that predict one’s insurance claims. The potential for selection on moral hazard, 
however, suggests that monitoring techniques that are usually thought of as reduc-
ing moral hazard—such as cost sharing that varies across categories of claims with 
differential scope for behavioral response—may also have important benefits in 
combatting adverse selection. In contrast, a standard approach to influencing moral 
hazard is to offer plans with higher consumer cost sharing. But if individuals’ antici-
pated behavioral response to coverage affects their propensity to select such plans, 
the magnitude of the behavioral response could be much lower (or much higher) 
from what would be achieved if plan choices were unrelated to the behavioral 
response. As we discuss in more detail below, not only the existence of selection on 
moral hazard but also the sign of any relationship between anticipated behavioral 
response and demand for higher coverage is ex ante ambiguous. Ultimately, these 
are open empirical questions.

Health insurance provides a particularly interesting setting in which to explore 
these issues. Both selection and moral hazard have been well documented in the 
context of employer-provided health insurance. Moreover, given the extensive gov-
ernment involvement in health insurance, as well as the concern about the size and 
rapid growth of the health care sector, there is considerable academic and public 
policy interest in a better understanding of selection and moral hazard in this context.

Recognition of the possibility of selection on moral hazard, however, highlights 
potentially important limitations of analyzing these problems in isolation. For 
example, the sizable empirical literature on the likely spending reductions that could 
be achieved through higher consumer cost sharing has intentionally focused on iso-
lating and exploring exogenous changes in cost sharing, such as those induced by 
the famous RAND experiment (Manning et al. 1987; Newhouse 1993). Yet, the 
very same feature that solves the causal inference problem—namely, randomization 
(or attempts to approximate it in the subsequent quasi-experimental literature on 
this topic)—removes the endogenous choice element. It thus abstracts, by design, 
from any selection on moral hazard, which could have important implications for 
the spending reductions achieved through offering plans with higher consumer cost 
sharing. This is particularly relevant since substantial plan choice is now the norm 
not only in private health insurance but also, increasingly, in public health insurance 
programs, such as Medicare Part D.

We begin by presenting a utility-maximizing model of individual health insur-
ance plan choices and subsequent health care spending. The model characterizes 
individuals as associated with two distinct risk attributes: a “level” and a “slope.” 
The former refers to their health risk, or their expected level of health care spending 
without insurance. The latter captures the incremental health care spending from 
insurance coverage (i.e., the slope of health care spending with respect to its out-
of-pocket price). The use of the term “moral hazard” is far from standard in the 
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literature, and the model allows us to be precise as to what we mean by it. We define 
moral hazard as the slope of health care spending (with respect to price), and by 
“selection on moral hazard” we refer to the component of adverse selection that is 
driven by heterogeneity in this slope parameter. In other words, while traditional 
models of adverse selection focus on heterogeneity in (and selection on) the level 
of expected medical utilization, we emphasize that adverse selection could also be 
driven by selection on the slope of medical spending with respect to its price. That 
is, greater coverage would be more attractive for individuals whose health care uti-
lization would increase more sharply in response to this coverage, thus generating 
greater cost to the insurance company.

We explore these issues empirically in the specific setting of the US employees 
at Alcoa, Inc., a large multinational producer of aluminum and related products. 
Naturally, as we emphasize below, this makes our quantitative results specific to 
our setting. We have individual-level panel data on the health insurance options, 
choices, and subsequent medical utilization of Alcoa’s employees (and their cov-
ered dependents). Crucially for identifying and estimating moral hazard, we observe 
variation in the health insurance options offered to different groups of workers at 
different points of time stemming from staggered timing of new union contracts. 
We present descriptive and motivating difference-in-differences estimates on moral 
hazard in our setting, as well as patterns that may be suggestive of heterogeneity in 
and selection on this moral hazard effect.

In order to formalize the analysis of selection on moral hazard and to explore some 
of its implications, we embed the economic model of coverage choice and health 
care spending within an econometric model that allows for unobserved heterogene-
ity across individuals along three dimensions—health expectations, risk aversion, 
and moral hazard—and for flexible correlation across these three. All else equal, 
willingness to pay for coverage is increasing in the individual’s health expectation 
and his risk aversion; these are standard results. In addition, in our model, willing-
ness to pay for coverage is increasing in the individual’s moral hazard: individuals 
with a greater behavioral response to coverage benefit more from greater coverage, 
since they will consume more care as a result. This is the selection on moral hazard 
comparative static that is the focus of our paper. Empirically, however, the sign (let 
alone the magnitude) of any selection on moral hazard is ambiguous and depends on 
the extent of heterogeneity in moral hazard as well as the correlation between moral 
hazard and the other primitives that affect health insurance choice, expected health, 
and risk aversion. We use this model and the data to recover the joint distribution 
of individuals’ (unobserved) health, risk aversion, and moral hazard. The model 
is estimated using Markov Chain Monte Carlo Gibbs sampler, and its fit appears 
reasonable.

Qualitatively, we find that individuals who exhibit a greater behavioral response 
to coverage are more likely to choose higher coverage plans. Quantitatively, we esti-
mate substantial heterogeneity in moral hazard and selection on it. We focus on the 
counterfactual of moving from the most comprehensive to the least comprehensive 
of the new options— essentially moving individuals from a no-deductible plan to 
a high ($3,000 for family coverage) deductible plan. In terms of heterogeneity in 
moral hazard, we find that the standard deviation across individuals of the spend-
ing reduction from this change in plans is more than twice the average. In terms of 
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selection on moral hazard, we find that for determining the choice between these 
two plans, selection on moral hazard is roughly as important as selection on health 
risk, and considerably more important than selection on risk aversion.

We use the model to examine some of the implications of the selection on moral 
hazard we detect. For example, our results suggest that the spending reduction asso-
ciated with introducing a high-deductible plan could be substantially lower than 
what would be predicted if we were to ignore selection on moral hazard and assume 
that those who choose the high-deductible plan are drawn randomly. This is a direct 
consequence of our finding that those who select less comprehensive coverage are 
likely to exhibit a smaller behavioral response to the insurance coverage.

Our paper is related to several distinct literatures. Our modeling approach is 
closely related to that of Cardon and Hendel (2001), which is also the approach 
taken by Bajari et al. (2010), Carlin and Town (2010), and Handel (2012) in mod-
eling health insurance plan choice. Like us, all of these papers have allowed for 
selection based on expected health risk. Our paper differs in our focus on identifying 
and estimating moral hazard—and in particular, heterogenous moral hazard—and 
in examining the relationship between moral hazard and plan choice. From a meth-
odological perspective, we also differ from these and many other discrete choice 
models in that we do not allow for a choice-specific, i.i.d. error term, which does not 
seem appealing given the vertically rankable nature of our choices.

Our difference-in-differences analysis of the spending reduction associated with 
changes in cost sharing is related to a sizable experimental and quasi-experimental 
literature in health economics analyzing the impact of higher consumer cost shar-
ing on spending. (See Chandra, Gruber, and McKnight 2010 for a recent review.) 
Our subsequent exploration of heterogeneity in this average moral hazard effect 
and selection on it, however, suggests the need for caution in using such estimates, 
which do not account for endogenous plan selection when forecasting the likely 
spending effects of introducing the option of plans with higher consumer cost shar-
ing. It also suggests that one can embed the basic identification approach of the 
difference-in-differences framework in a model that allows for and investigates such 
endogenous selection.

Our examination of selection on moral hazard is motivated in part by the grow-
ing empirical literature demonstrating that focusing on selection that is driven by 
one-dimensional heterogeneity in risk, as in the early seminal theoretical contri-
butions to the topic, may miss many interesting aspects of actual markets. This 
literature has tended to abstract from moral hazard, and focused on selection on 
preferences, such as risk aversion (Finkelstein and McGarry 2006; Cohen and 
Einav 2007), cognition (Fang, Keane, and Silverman 2008), or desire for wealth 
after death (Einav, Finkelstein, and Schrimpf 2010). Our exploration highlights 
another potential dimension of selection, and one that has particularly interest-
ing implications for contract design (in contexts where moral hazard is impor-
tant). While there are questions for which the extent to which selection occurs 
on the basis of expected health or moral hazard does not matter (see, e.g., Einav, 
Finkelstein, and Cullen 2010), we illustrate in this paper that breaking down 
selection to “selection on levels” and “selection on slopes” can be important for 
answering questions regarding the design of contracts to reduce selection and the 
implications of contract design for spending.
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Despite its potential importance, we are not aware of any empirical work attempt-
ing to identify and analyze selection on moral hazard in insurance markets. The 
basic idea of selection on moral hazard, however, is not unique to us. Similar ideas 
have appeared in several other contexts.1 Indeed, one general way to think about 
the concept of selection on moral hazard is in the context of estimating a treatment 
effect of insurance coverage on medical expenditure. As we already hinted, within 
such a framework, selection on health risk would be equivalent to heterogeneity in 
(and selection on) the level (or constant term in a regression of medical spending 
on insurance coverage), while selection on moral hazard can be thought of as het-
erogeneity in (and selection on) the slope coefficient. Heckman, Urzua, and Vytlacil 
(2006) present an econometric examination of the properties of IV estimators when 
individuals select into treatment in part based on their anticipated response to the 
treatment, a phenomenon they refer to as “essential heterogeneity.” They subse-
quently apply these ideas in the context of the returns to education in Carneiro, 
Heckman, and Vytlacil (2011).

The rest of the paper proceeds as follows. Section I develops our model of an indi-
vidual’s health insurance plan choice and spending decisions. Section II describes 
the data and Section III presents descriptive evidence of moral hazard. In Section IV 
we present the econometric specification of our model and describe its identification 
and estimation. Section V presents our main results, including some of their impli-
cations for spending. Section VI presents some illustrative welfare analysis based on 
the estimates. The last section concludes.

I.  A Model

We begin by presenting a stylized model of individual coverage choice and health 
care utilization. The model allows us to more precisely define the objects that we 
focus on, “moral hazard” and “selection on moral hazard.” The model will also be 
the main ingredient in our subsequent econometric specification and counterfactual 
exercises.

A. A Model of Coverage Choice and Utilization

We consider a two-period model that is designed to allow us to isolate and examine 
three potential determinants of insurance coverage choice: risk aversion, expected 
health care needs, and the incremental health spending that is driven by insurance 
coverage. In the first period, a risk-averse expected utility–maximizing individual 
makes an optimal health insurance coverage choice, using his available information 
to form his expectation regarding his subsequent health realization. In the second 
period, the individual observes his realized health and makes an optimal health care 
utilization decision, which depends on realized health as well as his coverage.2

1 For example, in the context of appliance choices and phone plan choices, respectively, Dubin and McFadden 
(1984) and Miravete (2003) estimate models in which the choice is allowed to depend on subsequent utilization, 
which in turn may respond to the utilization price.

2 Existing work in this area (Cardon and Hendel 2001; Bajari et al. 2010; Carlin and Town 2010; and Handel 
2012) followed a similar modeling approach. While tractable, the two-period model abstracts from the fact that 
utilization decisions are made throughout the coverage year, before the uncertainty about subsequent health is fully 
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We begin with notation. This is a model of individual behavior, so we omit i sub-
scripts to simplify notation; in Section IV we describe how individuals may vary. At 
the time of his utilization choice (period 2), an individual is characterized by two 
objects: his health realization λ, and his price sensitivity ω. λ captures the uncertain 
aspect of demand for health care, with higher λ representing sicker individuals who 
demand greater health care consumption. The parameter ω determines how respon-
sive health care utilization decisions are to insurance coverage. In other words, ω 
affects the individual’s price elasticity of demand for health care with respect to 
its (out-of-pocket) price; individuals with higher ω increase their utilization more 
sharply in response to more generous insurance coverage. The focus of the paper 
will be on how plan choice varies with ω. That is, ω is the object that we refer to as 
moral hazard, although we defer a more detailed discussion of its interpretation until 
after the description of the model.

At the time of coverage choice (period 1), an individual is characterized by 
three objects: ​F​ λ​(⋅), ω, and ψ. The first, ​F​ λ​(⋅), represents the individual’s expecta-
tion about his subsequent health risk λ. It is precisely because individuals do not 
know λ with certainty at the time of coverage choice that they demand insur-
ance. The second object is ω, which determines the individual’s period 2 price 
elasticity of demand for health care. Because individuals are forward-looking, 
they anticipate that ω will subsequently affect their utilization choices, and this 
in turn affects their utility from different coverages. It is this channel that creates 
the potential for selection on moral hazard, which is the main focus of our paper. 
Finally, the third object is ψ, which captures the individual’s coefficient of abso-
lute risk aversion. Importantly, unlike ω and ​F​ λ​(⋅), which enter the coverage choice 
and also affect utilization decisions, risk preferences affect coverage choice but do 
not directly affect utilization.

Utilization Choice.—In the second period, insurance coverage, denoted by j, is 
taken as given. We assume that the individual’s health care utilization decision is 
made in order to maximize a trade-off between health and money. Specifically, we 
assume that the individual’s second-period utility is separable in health and money 
and can be written as u(m; λ, ω) = h(m − λ; ω) + y(m), where m ≥ 0 is the mon-
etized utilization choice, λ is the monetized health realization, and y(m) is the resid-
ual income. Naturally, y(m) is decreasing in m at a rate that depends on coverage. 
We further assume that h(m − λ; ω) is concave in its first argument: it is increasing 
for low levels of utilization (when treatment improves health) and is decreasing 
eventually (when there is no further health benefit from treatment and time costs 
dominate). Thus, the marginal benefit from incremental utilization is decreasing. 
Using this formulation, we think of λ, the underlying health realization, as shifting 
the level of optimal utilization ​m​*​. Finally, we assume that h(m − λ; ω) is increasing 
in its second argument, but this is purely a normalization that (as we will see below) 
allows us to interpret individuals with higher ω as those who are more elastic with 
respect to the price of medical utilization.

resolved. In more recent work, we explore in more detail the implications of this latter aspect of health insurance 
(Aron-Dine et al. 2012).
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We parametrize further so that the second-period utility function is given by

(1)	 u(m; λ, ω, j) = [(m − λ) − ​  1 _ 
2  ω ​(m − λ​)​2​] + [ y − ​c​j​(m) − ​p​j​]

	 8	 3
.

	 h(m − λ; ω)	 y(m)

That is, we assume that h(m − λ; ω) is quadratic in its first argument, with ω affect-
ing its curvature. We also explicitly write the residual income as the initial income y 
minus the premium ​p​j​ associated with coverage j and the out-of-pocket expenditure ​
c​j​(m) associated with utilization m under coverage j. Given this parameterization, 
the optimal utilization is given by

(2)	​ m​*​(λ, ω, j) = ​arg max    
m ≥ 0

  ​ u(m; λ, ω, j), 

which gives rise to the realized utility ​u​*​(λ, ω, j) ≡ u(​m​*​(λ, ω, j); λ, ω, j).
To facilitate intuition, we consider here optimal utilization for the case of a linear 

coverage contract, so that ​c​j​(m) = c ⋅ m, with c ∈ [0, 1] (in the empirical applica-
tion below we explicitly account for the nonlinear coverage contracts offered in 
the data). Full insurance is given by c = 0 and no insurance is given by c = 1. The 
first-order condition implied by equation (2) is given by 1 − (m − λ)/ω − c = 0, or

(3)	​ m​*​(λ, ω, c) = max[0, λ + ω(1 − c)].

Abstracting from the potential truncation of utilization at zero, the individual will 
optimally choose ​m​*​ = λ with no insurance (when c = 1) and ​m​*​ = λ + ω with full 
insurance (when c = 0). Thus, ω can be thought of as the incremental utilization that 
is attributed to the change in coverage from no insurance to full insurance. One way 
to think about this model, therefore, is that λ represents nondiscretionary health care 
shocks that the individual will pay to treat, regardless of insurance. In addition, there 
exist discretionary health care utilizations that will not be undertaken without insur-
ance. With insurance, some amount of this discretionary care will be consumed, and 
this incremental amount is increasing in ω.3

Coverage Choice.—In the first period, the individual faces a fairly standard insur-
ance coverage choice. As mentioned, we assume that the individual is an expected-
utility maximizer, with a coefficient of absolute risk aversion of ψ. We further 
assume that the individual’s von Neumann Morgenstern (vNM) utility function is 
of the constant absolute risk aversion (CARA) form w(x) = −  exp(− ψx). In a typi-
cal insurance setting, w(x) is defined solely over financial outcomes. Because moral 
hazard is present, however, w(x) is defined over the realized second-period utility 
​u​*​(λ, ω, j).

3 We have written the model as if it is the individual who makes all the utilization decisions. To the extent that 
physicians also respond to the individual’s coverage (and they are likely to), our interpretation of the utilization 
choice should be thought of as some combination of both the individual’s and the physician’s decisions.
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Consider now a set of coverage options J, with each option j ∈ J defined by its 
premium ​p​j​ and coverage function ​c​j​(m). Following the above assumptions, the indi-
vidual will then evaluate his expected utility from each option,

(4)	​ v​j​(​F​λ​(⋅), ω, ψ) = − ∫ exp(− ψ  ​u​*​(λ, ω, j)) d ​F​λ​(λ),

with his optimal coverage choice given by

(5)	​ j​   *​(​F​λ​(⋅), ω, ψ) = ​arg max    
j∈J

  ​ ​v​j​  (​F​λ​(⋅), ω, ψ).

Willingness to pay for more coverage is generally increasing in risk aversion ψ 
and in risk ​F​λ​(⋅) (in a first-order stochastic dominance sense).4 Given our specific 
parametrization, willingness to pay for more coverage is also increasing in ω, thus 
possibly generating what we term as selection on moral hazard.5

B. Interpreting ω as Moral Hazard

As noted, our focus is on the parameter ω and on its importance in driving cov-
erage choice. We think of ω as moral hazard and of its relationship with coverage 
choice as selection on moral hazard. Given the varying ways by which the term 
“moral hazard” has been used (and abused) in economics in general and in the con-
text of health insurance in particular, it seems useful to discuss the interpretation of 
ω and why we think it may be appropriate to refer to it as moral hazard.

Traditional models of adverse selection in health insurance focus on the possibil-
ity that sicker individuals will choose greater health insurance coverage. This source 
of selection is captured in our model by the fact that individuals with greater ​F​λ​(⋅) 
(in a first-order stochastic dominance sense) purchase greater coverage. The key 
conceptual distinction we are interested in is the possibility that selection may be 
driven not only by the level of expected health care spending, but also by its “slope,” 
or by how health care spending changes with insurance coverage. In other words, we 
are interested in health insurance choices (selection) that are affected by the incre-
mental medical expenditure associated with increased coverage. We refer to this 
incremental spending, captured in the model by ω, as moral hazard and to selection 
on it as selection on moral hazard. Just like traditional selection, which would lead 
to adverse selection (sicker individuals are willing to pay more for insurance, and at 
the same time are associated with greater expected cost to the insurance company), 

4 These comparative statics do not always hold. The model has unappealing properties when a significant portion 
of the distribution of λ is over the negative range, in which case the individual is exposed to a somewhat artificial 
uninsurable (background) risk (since spending is truncated at zero). We are not particularly concerned about this 
feature, however, as our estimated parameters do not give rise to it, and because we have experimented with a (non-
elegant) modification to the model that does not have this feature, and the overall results were similar.

5 In a more general model, ω is associated with two effects. One is the increased utilization, which increases 
willingness to pay. The second effect is the increased flexibility to adjust utilization as a function of the realized 
uncertainty (λ), which in turn reduces risk exposure and reduces willingness to pay for insurance. Our specific 
parameterization was designed to have spending under no insurance unaffected by ω ; this eliminates the latter 
effect, and therefore makes the comparative statics unambiguous.
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in our model selection on moral hazard is also adverse in the sense that higher-moral 
hazard individuals are willing to pay more for the same amount of coverage and 
will also be more expensive for the insurance company. Thus, we view selection on 
moral hazard as one possible component of the overall adverse selection.

The use of the term “moral hazard” to refer to the responsiveness of health care 
spending to insurance coverage dates back at least to Arrow (1963). Consistent with 
the notion of hidden action, which is typically associated with the term “moral haz-
ard,” it has been conjectured that health insurance may induce individuals to exert 
less (unobserved) effort in maintaining their health (e.g., Ehrlich and Becker 1972). 
In the context of health insurance, however, moral hazard is often used to refer to the 
price elasticity of demand for health care, conditional on underlying health status 
(Pauly 1968; Cutler and Zeckhauser 2000). We thus follow this abuse of terminol-
ogy and use the term in a similar way. In other words, our model, like most in this 
literature, does not consider the potential impact of insurance on underlying health 
λ. As a result, the asymmetric information problem that we associate with moral 
hazard is arguably more accurately described as one of hidden information (rather 
than of hidden action). The individual’s actions (utilization) are observed and con-
tractible, but his underlying health λ and his price sensitivity ω are unknown to 
the insurer. For our purposes, whether the problem is one of hidden information or 
hidden action is simply an issue of appropriate usage of terminology, and here we 
simply follow convention.

Our model is designed for conceptual clarity and analytical tractability, both of 
which come at the cost of not explicitly modeling the underlying primitives that give 
rise to ω. An individual’s incremental utilization response to increased insurance 
coverage (ω) is presumably driven by a number of “deeper” primitives including his 
value of time (income) and disutility of doctor visits. It may also relate to the sever-
ity and nature of his underlying health conditions—some of which are more likely 
to be price inelastic than others—as well as to one’s risk aversion regarding future 
health conditions.6

Also for clarity and tractability, we chose to model ω as a level shift in spending 
that is (except due to the truncation of spending at zero) independent of one’s health 
(λ) (see, e.g., equation (3)). Our choice of the utility function in equation (1) is 
designed to achieve a simple economic interpretation of the key parameters of inter-
est in the first-order condition (3), so that λ (health status) is the monetized health 
spending without insurance (i.e., one’s nondiscretionary spending) and ω captures 
incremental, discretionary spending as individuals are moved from no insurance to 
full insurance. This allows us to straightforwardly measure and compare the magni-
tude of (and heterogeneity in) health risk λ and moral hazard ω.

It is not a priori obvious whether or not moral hazard affects individuals in a 
manner that is additively separable from their health. On the one hand, it seems 
plausible that seeking care for a minor skin irritation may be unaffected by one’s 
overall severity of illness. On the other hand, one could also imagine that changes 

6 We have modeled the second period utility in a static way, with no uncertainty. As a result, moral hazard is 
not directly determined by risk aversion. Nonetheless, one can imagine that more risk-averse people might be less 
sensitive to price in making their medical care consumption decisions, making them have a lower ω in the context 
of our model. Our empirical specification below will therefore allow for an arbitrary correlation between ω and risk 
aversion ( ψ ).
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in medical care utilization in response to insurance coverage would depend on one’s 
underlying health; for example, sicker individuals have more occasions to exercise 
moral hazard.7 In principle, our setting does not preclude this. Although we do not 
explicitly model this complementarity “within” an individual, our empirical speci-
fication below will allow for this relationship by modeling a cross-sectional distri-
bution with an arbitrary correlation between moral hazard and health risk. Thus, 
a multiplicative model, for example, can be approximated by simply relabeling a 
multiplicative moral hazard effect ω′ to be equal to ω/λ. The key modeling assump-
tion is therefore not the additive separable relationship, but rather the fact that all 
uncertainty at the time of coverage choice is about health (λ), while moral hazard 
(ω) is assumed to be known at the time of coverage choice.8

II.  Setting and Data

Baseline Sample.—We study health insurance choices and medical care utiliza-
tion of the United States–based workers (and their dependents) at Alcoa, Inc., a 
large multinational producer of aluminum and related products. Our main analysis 
is based on data from 2003 and 2004, although for some of the analyses we extend 
the sample through 2006.

Our data contain the menu of health insurance options available to each employee, 
the employee’s coverage choices, and detailed, claim-level information on his (and 
any covered dependents’) medical care utilization and expenditures for the year.9 
The data also contain demographic information, including the employee’s union 
affiliation, employment type (hourly or salary), age, race, gender, annual earnings, 
job tenure at the company, and the number and ages of other insured family mem-
bers. In addition, we obtained a summary proxy of an individual’s health based 
on software that predicts future medical spending on the basis of previous years’ 
detailed medical diagnoses and claims, as well as basic demographics (age and 
gender); importantly for our purposes, this generated health risk score is not a func-
tion of the individual’s coverage choice.10

In 2004, Alcoa introduced a new set of health insurance Preferred Provider 
Organization (PPO) options in an effort to control health care spending by encour-
aging employees to move into plans with substantially higher consumer cost shar-
ing. The new options were introduced gradually to different employees based on 

7 The findings in our data are consistent with a model in which moral hazard effects are not multiplicative in 
underlying health. Specifically, we find that changes in health care coverage are associated with changes in doctor 
and outpatient utilization but not with (the much more expensive) inpatient utilization. (See online Appendix B.)

8 Alternative models could make moral hazard stochastic at the time of coverage choice, but would come at the 
cost of either equally strong assumptions or reliance on functional form for identification. In online Appendix E we 
report results from one such model.

9 Health insurance choices are made in November, during the open enrollment period, and apply for the subse-
quent calendar year. They can be changed during the year only if the employee has a qualifying event, which is not 
common.

10 This is a relatively sophisticated way of predicting medical spending as it takes into account the differential 
persistence of different types of medical claims (e.g., diabetes versus car accident) in addition to overall utilization, 
demographics, and a rich set of interactions among these measures. The particular software we use is a risk adjust-
ment tool called DXCG Risk Solution that was developed by Verisk Health and is used by, among other organiza-
tions, the Center for Medicare and Medicaid services in determining reimbursement rates in Medicare Advantage. 
See Bundorf, Levin, and Mahoney (forthcoming), Carlin and Town (2010), and Handel (2012) for other examples 
of academic uses of this type of predictive diagnostic software.
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their union affiliation, since new benefits could only be introduced when an existing 
union contract expired. The staggered timing in the transition from one set of insur-
ance options to another provides a plausibly exogenous source of variation that can 
help us identify the impact of health insurance on medical care utilization. To use 
this variation, we focus attention on the approximately 4,000 unionized workers 
(each year), who belong to one of 28 different unions whose benefit could only be 
introduced at contract expiration. Online Appendix A provides additional details on 
the construction of this baseline sample.

Column 1 of Table 1 provides some summary statistics of our baseline sample in 
2003. Our sample is 72 percent white, 84 percent male, with an average age of 41, 
average annual income of about $31,000, and an average tenure of about 10 years at 
the company. Approximately one-quarter of the sample has single (employee-only) 
coverage, while the rest cover additional dependents. The health risk score is cali-
brated to be interpreted as predicted medical spending relative to a randomly drawn 
person under 65 in the nationally representative population; on average, individuals 
in our sample have predicted medical spending that is about 5 percent lower than 
this benchmark. The remaining columns of Table 1 show summary statistics for four 
different groups of employees based on when they were switched to the new benefit 
options; we discuss this comparison when we present our difference-in-differences 
strategy and results below.

As noted, our main analysis is based on the 2003 and 2004 data (7,570 employee-
years and 4,477 unique employees). We exclude the 2005 and 2006 data from our 
primary analysis because it introduces two challenges for estimation of our plan 
choice model. First, the relative price of comprehensive coverage on the new options 
was raised substantially in 2005 and raised further in 2006, yet remarkably few 
employees already in the new option set changed their plans. Second, the pricing in 
2006 makes some of the observed choices clearly dominated. Both these patterns 

Table 1—Summary Statistics for 2003 Sample

Baseline
sample

Switched

In 2004 In 2005 In 2006 After 2006
(1) (2) (3) (4) (5)

Observations   3,995      682      974   1,075   1,264
Average age 41.3 44.5 39.7 38.3 43.3
Average annual income 31,292 39,715 25,532 29,952 32,316
Average tenure with Alcoa 10.2 15.5 8.2 5.7 12.7
Fraction male 0.84 0.96 0.73 0.86 0.85
Fraction white 0.72 0.85 0.44 0.82 0.79
Fraction single coverage 0.23 0.21 0.25 0.23 0.22
Average health risk scorea 0.95 1.06 0.91 0.86 1.01
Avg. number of insured family members (if > 1) 2.8 2.7 2.8 2.9 2.6
Total annual medical spending (US$)b   5,283   5,194   5,364   5,927   4,717

Notes: Column 1 presents statistics based on the 2003 data for our baseline sample, which covers all hourly union 
workers not covered by the Master Steelworker’s Agreement (except those that get dropped in the process of the 
data cleaning described in the text). Columns 2–5 partition our baseline sample based on the year in which employ-
ees were switched to the new set of health insurance options.

a Health risk score is normalized, so that 1 indicates the expected medical expenditure for a random draw from 
a nationally representative under-65 population. To construct this table, we assign each employee the average risk 
score of all covered family members.

b Total annual medical spending is for employees and any covered dependents.
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are consistent with substantial evidence of inertial behavior in health insurance plan 
choices (Carlin and Town 2010; Handel 2012). Rather than modeling this behavior, 
we prefer to restrict the data to a time period where it is less central to understanding 
plan choices.

The main drawback to limiting the data to 2003 and 2004 is that less than one-fifth 
of our sample were offered the new benefits starting in 2004, while another half of 
the sample was transitioned to the new benefits in 2005 and 2006 (Table 1, top row). 
Therefore, for some of the descriptive evidence (which does not require an explicit 
model of plan choice), we use data from 2003–2006, which produces qualitatively 
similar descriptive results but with greater precision.

Medical Spending.—We have detailed, claim-level information on medical 
expenditures and utilization. Our primary use of these data is to construct annual 
total medical spending for each employee (and his covered dependents); in online 
Appendix B, we also use these data in a less aggregated way to break out spending 
by category (doctor’s office, outpatient, inpatient, and other). Figure 1 graphs the 
distribution of medical spending for our sample. We show the distribution separately 
for the approximately three-quarters of our sample with nonsingle coverage and the 
remainder with single-employee coverage. Not surprisingly, average spending is 
substantially higher in the former group. Across all employees, the average annual 
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Figure 1. The Cross-Sectional Distribution of Medical Expenditure

Notes: The figure presents the distribution of total annual medical expenditure for each 
employee (and any covered dependents) in our baseline sample. The graph uses a log scale, 
such that the second bin covers expenditure lower than exp(0.5), the next covers expendi-
tures between exp(0.5) and exp(1), and so on; the x-axis labels show the corresponding dol-
lar amounts of selected bins. An observation is an employee-year, pooling data from 2003 and 
2004. The gray bars correspond to employees with a single coverage, while the black bars 
correspond to employees who also covered additional dependents (spouse, children, or both).
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spending (on themselves and their covered dependents) is about $5,200.11 As is typ-
ical, medical expenditures are extremely skewed. For example, for nonsingle cover-
age, average spending ($6,100) is about 2.5 times greater than the median spending 
($2,400), and about 4 percent of our baseline sample has no spending, while each of 
the employees in the top decile spends over $13,000.

Health Insurance Options and Choices.—A very attractive feature of our setting 
is that the PPO plans we study differ—across the new and old regimes and within 
each regime—only in their consumer cost sharing requirements. They are identical 
on all non–cost sharing features, such as the network definition. Table 2 summa-
rizes the original and new plan options and the fraction of employees who choose 
each option in our baseline sample. Employees may choose from up to four cover-
age tiers: single (employee-only) coverage, or one of three nonsingle coverage tiers 
(employee plus spouse, employee plus children, or family). In our analysis, we take 
coverage tier as given, assuming that it is driven primarily by family structure.12

There were three PPO options under the old benefits and five entirely different 
PPO options under the new benefits. Because there was no option of “staying in your 
existing plan”—the five new options were all distinct from the three old options in 
both their names and their designs—individuals did not have the option of passively 
being defaulted into their existing coverage. We show in Table 3 that plan choices 
for those who are switched to the new options are also consistent with the notion of 
“active” choices. As a result, we suspect that defaults did not play an important role 
in the choice of new benefits. Indeed, although option 4 was the default coverage 
option, it was not the most common choice (Table 2).

The primary change from the old to the new benefits was to offer plans with 
higher deductibles and to increase the lowest out-of-pocket maximum.13 As shown 
in the table, under the new options there was a shift to plans with higher consumer 
cost sharing. Under the old options, virtually all employees faced no deductible. 
Looking at employees with nonsingle coverage in panel B (patterns for single-cov-
erage employees are similar), about two-fifths faced a $2,000 out-of-pocket maxi-
mum while three-fifths faced a $5,000 out-of-pocket maximum. By contrast, under 
the new options, about a third of the employees faced a deductible, and all of them 
faced a high out-of-pocket maximum of at least $5,000 for nonsingle coverage.14

11 A little over one-quarter of total spending is in doctor offices, about one-third is for inpatient hospitalizations, 
and about one-third is for outpatient services. About half of the remaining 4 percent of spending is accounted for 
by emergency room visits.

12 Employee premiums vary across the four coverage tiers according to fixed ratios. Cost-sharing provisions 
differ only between single and nonsingle coverage. Specifically, for a given PPO, deductibles and out-of-pocket 
maxima are twice as great for any nonsingle coverage tier as they are for single coverage. As shown in Table 1, 
about one-quarter of the sample chooses single coverage. Within nonsingle coverage, slightly over half choose 
family coverage, 30 percent choose employee plus spouse, and about 16 percent choose employee plus children 
(not shown).

13 At a point in time, prices within a coverage tier vary slightly across employees (in the range of several hundred 
dollars) under either the old or new options, depending on the employee’s affiliation (see Einav, Finkelstein, and 
Cullen 2010 for more detail). Premiums were constant over time under the old options; as mentioned, under the 
new options, premiums were increased substantially (and cross-employee differences were removed) in 2005 and 
2006 (not shown).

14 A $5,000 ($2,500) out-of-pocket maximum for nonsingle (single) coverage is rarely binding. With no deduct-
ible and a 10 percent consumer cost sharing, the employee must have $50,000 ($25,000) in total annual medical 
expenditures to hit this out-of-pocket maximum. Using the realized claims, we calculate that only about 1 percent 
of the employees would hit the out-of-pocket maximum in a given year. By contrast, under the old options the 
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One way to summarize the differences in consumer cost sharing under the differ-
ent plans is to use the plan rules to simulate the average share of medical spending 
that would be paid out of pocket (counterfactually for most individuals) under dif-
ferent plans; we construct this measure of each plan’s comprehensiveness using the 
spending of all 2003 employees and their realized medical claims, so that it does not 
reflect selection or moral hazard effects. Less generous plans correspond to those 
with higher consumer cost sharing. The results are summarized in the third row of 
each panel of Table 2. Combining the information on average enrollment shares of 

lowest out-of-pocket maximum was $2,000 ($1,000) for nonsingle (single) coverage, corresponding to total annual 
spending of $20,000 ($10,000). Using the same realized claims distribution, we calculate that about 5.5 percent of 
employees would hit this out-of-pocket maximum.

Table 2—  Old and New Health Plans

Original plan options New plan options

Option 1 Option 2 Option 3 Option 1a Option 2 Option 3 Option 4 Option 5

Panel A. Single coverage (N = 1,679)
Plan features:
  Deductible 1,000 0 0 1,500 750 500 250 0
  Out-of-pocket maximum 5,000 2,500 1,000 4,500 3,750 3,500 2,750 2,500
  Average share of spending paid
    out of pocketb

0.580 0.150 0.111 0.819 0.724 0.660 0.535 0.112

  Employee premiumc 0 351 1,222 0 132 224 336 496

Fraction choosing each optiond 3.3% 63.5% 33.2% 14.1% 0.0% 2.2% 37.8% 45.9%

Panel B. Nonsingle coverage (N = 5,895)
Plan features:
  Deductible 2,000 0 0 3,000 1,500 1,000 500 0
  Out-of-pocket maximum 10,000 5,000 2,000 9,000 7,500 7,000 5,500 5,000
  Average share of spending paid
    out of pocketb

0.495 0.130 0.098 0.732 0.600 0.520 0.387 0.111

  Employee premiumc 0 354 1,297 0 364 620 914 1,306

Fraction choosing each optiond 0.6% 56.1% 43.3% 3.9% 0.6% 1.8% 24.4% 69.3%

Notes: The table summarizes the key features of the original and new health insurance coverage options. The fea-
tures shown apply to in-network spending. Not shown are coinsurance rates (applied to those who reached the 
deductible but have yet to reach the out-of-pocket maximum), which are 10 percent in all plans (old and new). 
There are some other small differences between the original and new options that are associated with out-of-net-
work spending, preventive care, and certain treatments associated with copays rather than coinsurance in the origi-
nal set of options. See text for further details.

a The New Option 1 includes a health reimbursement arrangement (HRA). Every year the employer sets aside 
$750 (for single; $1,250 for nonsingle coverage) that the employee can use (tax free) to pay for a variety of 
expenses such as deductibles and coinsurance payments. Unused HRA funds roll over to future years and, eventu-
ally, can be used during retirement to finance health insurance, provided through the company or through COBRA. 
Our baseline model abstracts from the HRA component of New Option 1.

b To compute the average share of spending out of pocket, we use the 2003 claims from all individuals in the 
baseline sample and apply each option’s coverage details to this (common) sample. We then compute, for each 
option, the ratio of the resultant out-of-pocket expenses to the total claim mounts, and report the average (across 
employees in 2003) for each option. As a result, our computed average share of spending out of pocket abstracts 
from any differential behavioral effect of each contract. It does, however, account for the unmodeled small differ-
ences between the new and original options described above and in the text.

c Premiums are normalized so that the lowest coverage is free for all employees. This is true in both the origi-
nal and new options, up to small variation of several hundred dollars across employees. We report the average pre-
mium for employees in the baseline sample, pooling 2003 and 2004. Premiums vary by coverage tier; there is also 
some additional variation (across employees within coverage tier) in the incremental premiums associated with 
greater coverage options. The variation is based on the business unit to which each employees belongs (see Einav, 
Finkelstein, and Cullen 2010).

d Statistics are based on all employee in the baseline sample, pooling 2003 and 2004.
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the different plans with our calculation of the average cost sharing in the different 
plans, we estimate that, holding spending behavior constant, the change from the 
original options to the new options would have, on average, more than doubled the 
share of spending paid out of pocket, from about 13 to 28 percent.15

The plan descriptions in Table 2, and the subsequent parameterization of our model 
in Section IV, abstract from some additional details. First, while we model all plans 
as having a 10 percent in-network consumer coinsurance after the plan deductible is 
reached for all care, under the old options doctor visits and emergency room visits 
in fact had copays rather than coinsurance.16 Second, we have summarized (and 
modeled) the in-network features only. All of the plans have higher (less generous) 
consumer cost sharing for care consumed out of network rather than in network. We 
choose to model only the in-network rules (where more than 95 percent of spending 
occurs) in order to avoid having to model the decision to go in or out of network. 
Third, while in general the new options were designed to have higher consumer 
cost sharing, a wider set of preventive care services (including regular physicals, 
screenings, and well baby care) were covered with no consumer cost sharing under 
the new options; these preventive services account for less than 2 percent of medical 
spending in our sample. Finally, the least comprehensive of the new options (option 
1) includes a health reimbursement account (HRA) into which the employer makes 
tax-free contributions that the employee can draw on to pay for out-of-pocket medi-
cal expenses, or roll over for subsequent years. In online Appendix F we explore 
specifications that try to account for these distinctive features of this option.

Table 3 shows plan transitions for employees who were in the old options in 
both 2003 and 2004 and for employees who were switched from the old to the new 
options in 2004. Two main features emerge. First, almost all employees under the 
old options in both years maintain the same coverage, which is to be expected given 
that the options and their prices did not change (but could also be driven by inertia 
in plan choices). Second, for those who get switched to the new options in 2004, 
there is far from a perfect correlation in the rank ordering of their choices under the 
old and new options. Over 40 percent of individuals move from the highest possible 
coverage under the old option to something other than the highest possible coverage 
under the new options, or vice versa. This is consistent with individuals making 
“active” choices under the new options, as suggested earlier.

III.  Descriptive Evidence of Moral Hazard

We start by presenting some basic descriptive evidence of moral hazard in our 
setting, where by “moral hazard” we refer to the incremental medical spending asso-
ciated with greater coverage, as defined in Section I. The analysis provides a feel 
for the basic identification strategy for moral hazard, as well as some suggestive 
evidence of heterogeneity in moral hazard and selection on it. At the same time, 

15 These numbers are based on the average out of pocket shares by plan calculated in Table 2 and the plan shares 
for the 2003–2006 sample (not shown). Using the 2003–2004 sample’s plan shares (shown in Table 2), we estimate 
that the move to the new options would, on average, raise the average out-of-pocket share from 12 to 25 percent.

16 Specifically, they had doctor and ER copays of $15 and $75, respectively, or $10 and $50, depending on the 
plan. In practice, given the average costs of a doctor visit ($115) and an ER visit ($730) in our data, the switch from 
the copay to coinsurance did not make much difference for predicted out-of-pocket spending.
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our descriptive exercise points to the difficulty in identifying heterogeneity in moral 
hazard and selection on it without a formal model of plan selection. The suggestive 
evidence as well as its important limitations together motivate our subsequent mod-
eling exercise, which we turn to in the next section.

Average Moral Hazard.—We start with the (easier) empirical task of document-
ing the existence of some form of asymmetric information in our data. Table 4 
reports realized medical spending as a function of insurance coverage in our base-
line sample. The analysis—which is in the spirit of the “positive correlation test” 
in Chiappori and Salanie (2000)—shows that under either the old or new options 
individuals who choose more comprehensive coverage have systematically higher 
(contemporaneous) spending. This is consistent with the presence of adverse selec-
tion and/or moral hazard in our data.

To identify moral hazard separately from adverse selection, we take advantage of 
the variation in the option set faced by different groups of employees. Table 5 pres-
ents this basic difference-in-differences evidence of moral hazard for our baseline 

Table 4—Spending Patterns by Coverage Level

Single coverage Nonsingle coverage

Count Mean Median Count Mean Median
Original plan options
  Highest coverage 512 3,130 557 2,318 6,634 2,670
  All other coverages 1,031 1,795 233 3,035 5,768 2,288
New plan options
  Highest coverage 62 1,650 447 375 6,858 2,630
  All other coverages 73 560 52 164 3,405 1,481

Notes: The table shows (contemporaneous) spending by coverage choice. Under the original options, the high-
est coverage is option 3. Under the new options, the highest coverage is option 5. See Table 2 for coverage details.

Table 3—Plan Transitions ( Percent)

Old options in 2004

Highest coverage All other coverages

2003
  Highest coverage 40.0 0.5
  All other coverages 0.6 58.9

New options in 2004

Highest coverage All other coverages

2003
  Highest coverage 32.0 15.8
  All other coverages 27.8 24.5

Notes: The table shows transition matrices across plan options for those in the old options 
in both 2003 and 2004 (top panel) and those who are switched to the new options in 2004 
(bottom panel). Under the original options, the highest coverage is option 3. Under the new 
options, the highest coverage in option 5. See Table 2 for coverage details. The sample is lim-
ited to the 6,186 employees (82 percent of the baseline sample) who are in the data in both 
2003 and 2004.
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sample. Specifically, we show various moments of the spending distribution in 2003 
and in 2004 for the control group (employees who are covered by the old options 
in both years) and the treatment group (employees who are switched to the new 
options in 2004). The results show a strikingly consistent pattern across all the vari-
ous moments of the spending distribution: spending falls for the treatment group, 
and tends to increase slightly for the control group.

Table 6 summarizes our central difference-in-differences estimates.17 Columns 1–3 
show the results for our baseline 2003–2004 sample. The first column shows the dif-
ference-in-differences estimate when the dependent variable is measured in dollars, 
while columns 2 and 3 investigate specifications that give rise to a proportional moral 
hazard effect. Given the large fraction of employees with zero spending, we cannot 
estimate the model in simple logs. Instead, in column 2 we report estimates from a 
specification in which spending, m, is measured by log(1 + m),18 and column 3 reports 
a quasi-maximum likelihood Poisson model.19 The results suggest that the move to the 
new options is associated with an economically significant decline in spending.

An important concern about the results in columns 1–3 is that they are not very pre-
cise. This is reflected in the large standard errors of the estimates, and in the relatively 
large differences in the quantitative implications of the different point estimates. This 
lack of precision is driven by the fact that only about one-fifth of the employees in our 

17 In online Appendix B we explore the sensitivity of our estimates to controlling for observable differences 
across employees, and investigate the validity of the identifying assumption underlying the difference-in-differ-
ences strategy.

18 Given that almost all individuals spend at least several hundred dollars (Figure 1), the results are not sensi-
tive to the choice of 1 relative to some other small numbers. For the same reason, the estimated coefficients can be 
approximately interpreted as elasticities.

19 The quasi-maximum likelihood (QMLE)-Poisson model requires only that the conditional mean be correctly 
specified for the estimates to be consistent. See, e.g., Wooldridge (2002) for more discussion.

Table 5—Basic Difference-in-Differences in Baseline Sample

Observations Mean

Fraction 
with zero 
spending 10th 25th 50th 75th 90th

Control (switched after 2004)
  2003 spending 3,313 5,300 0.09 52 426 1,775 5,178 11,984
  2004 spending 2,901 5,250 0.09 55 517 1,889 5,589 12,253

Treated (switched in 2004)
  2003 spending 682 5,201 0.08 79 581 1,957 5,048 12,644
  2004 spending 674 4,856 0.10 22 447 1,610 4,622   9,467

Treated-Control differences (levels)
  2003 spending −99 −0.01 27 155 182 −130 660
  2004 spending −394 0.01 −33 −70 −279 −967 −2,786

2004–2003 Difference (levels)
  Control −50 0.00 3 91 114 411 269
  Treated −345 0.02 −57 −134 −347 −426 −3,177

Difference-in-differences (levels) −295 0.02 −60 −225 −461 −837 −3,446

Difference (percentages)
  Control −0.9% 0.0% 5.8% 21.4% 6.4%     7.9% 2.2%
  Treated −6.6% 22.0% −72.2% −23.1% −17.7%   −8.4% −25.1%

Difference-in-differences (percentages) −5.7% 22.0% −77.9% −44.4% −24.2% −16.4% −27.4%
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sample are switched to the new benefits in 2004 (Table 1, top row). Therefore, in col-
umns 4 –  6 we report analogous estimates from the 2003–2006 sample, during which 
more than half of the employees switched to the new benefits. As expected, the stan-
dard error of our estimates decreases substantially, and the quantitative implications 
of the results become much more stable across specifications. The estimated spend-
ing reduction is now statistically significant at the 5 percent level, with the point esti-
mates suggesting a reduction of spending of about $600 (column 4) or 11–17 percent 
(columns 5 and 6). In online Appendix B we show that the reduction in spending 
appears to arise entirely through reduced doctor and outpatient spending, with no 
evidence of a discernible effect on inpatient spending.

We can compute a back-of-the-envelope elasticity of health spending with respect 
to the out-of-pocket cost sharing by combining these estimates of the spending 
reduction with the average cost sharing of different plans (holding behavior con-
stant). Given the distribution of employees across the different plans, the numbers 
in Table 2 suggest that the change from the old options to the new options should 
increase the average share of out-of-pocket spending from 12.6 to 28.4 percent in 
the 2003–2006 sample. Combining the point estimate of a $591 reduction in spend-
ing (Table 6, column 4) with our calculation of the increase in cost sharing, our 
estimates imply an arc elasticity of medical spending with respect to out-of-pocket 
cost sharing of about −0.14.20 This is broadly similar to the widely used RAND 
experiment arc elasticity of medical spending of −0.2 (Manning et al. 1987; Keeler 
and Rolph 1988). Subsequent studies that have used quasi-experimental variation in 

20 We compute an arc elasticity in which the proportional change in spending (and in consumer cost sharing) is 
calculated relative to the average observed across the old and new options, so that our results are more directly compa-
rable with the existing literature. The arc elasticity is calculated as [(​q​2​ − ​q​1​)/(​q​1​ + ​q​2​)/2]/[( ​p​2​ − ​p​1​)/(​p​1​ + ​p​2​)/2] 
where p denotes the average consumer cost sharing rate. For the 2003–2006 sample, the proportional change in 
spending and cost sharing is 11 percent and 77 percent, respectively.

Table 6—Difference-in-Differences Estimates of Impact of Change in Health Insurance Options 
on Annual Medical Spending

2003–2004 sample 2003–2006 sample

OLS 
in levels

OLS 
in logs

QMLE-
Poisson

OLS 
in levels

OLS 
in logs

QMLE-
Poisson

(1) (2) (3) (4) (5) (6)

Estimated treatment effect −297.2 −0.35 −0.06 −591.8 −0.175 −0.114
(753.7) (0.19) (0.15) (264.2) (0.12) (0.048)

[0.70] [0.08] [0.69] [0.034] [0.17] [0.018]
Mean dependent variable 5,232 6.91 5,232 5,392 6.9 5,392

Observations 7,570 7,570 7,570 14,638 14,638 14,638

Notes: The table shows the difference-in-differences estimate of the spending reduction associated with moving 
from the old options to the new options. The unit of observation is an employee-year. Dependent variable is the total 
annual medical spending for each employee and any covered dependents (or log of 1 + total spending in column 2 
and column 5). The coefficient shown is the coefficient on an indicator variable that is equal to 1 if the employee’s 
treatment group is offered the new health insurance options that year, and 0 otherwise. All regressions include year 
and treatment group fixed effects. We classify employees into one of four possible treatment groups—switched in 
2004, switched in 2005, switched in 2006, or switched later—based on his union affiliation, which determines the 
year in which he is switched to the new health insurance options. Estimation is either by OLS or QMLE Poisson as 
indicated in the column headings. Standard errors (in parentheses) are adjusted for an arbitrary variance-covariance 
matrix within each of the 28 unions; p-values are in square brackets. Columns 1–3 show estimates for the 2003–
2004 sample; columns 4–6 expand the sample to include 2003–2006.
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health insurance plans have tended to estimate elasticities of medical spending in the 
range of −0.1 to −0.4.21

Heterogeneity in and Selection on Moral Hazard.—A necessary (but not suf-
ficient) condition for selection on moral hazard is that there is heterogeneity in 
individuals’ responsiveness to consumer cost sharing. To our knowledge, the experi-
mental and quasi-experimental literature in health economics analyzing the impact 
of higher consumer cost sharing on spending has focused on average effects and 
largely ignored potential heterogeneity. This may in part reflect the fact that because 
health realizations are, by their nature, partially random, testing for heterogeneity in 
moral hazard is not trivial. It is particularly challenging without an explicit model 
of the nature of moral hazard that can, for example, provide guidance as to whether 
the effect of consumer cost sharing is additive or multiplicative.22 In addition, the 
typical nonlinear nature of health insurance coverage leads to heterogeneity in the 
intensity of the treatment, making it difficult to identify heterogenous effects from 
heterogenous treatments. In our specific context, a further subtlety is that it is the 
menu of plan options that varies in a quasi-experimental fashion, rather than the 
plan itself, making the actual individual coverage endogenous. All of these consid-
erations motivate our reliance of a specific model of moral hazard and plan choice, 
which provides the basis for the primary empirical analysis.

Nonetheless, in online Appendix C we endeavor to present some suggestive evi-
dence of what might plausibly be heterogeneity in moral hazard in the data. For 
example, we report the difference-in-differences estimates separately for observably 
different groups of workers. While many of the estimates are quite imprecise, the 
results are suggestive of larger moral hazard effects for older workers relative to 
younger workers and for sicker workers relative to healthier workers, and perhaps 
also for female and lower-income workers relative to male and higher-income work-
ers, respectively. While suggestive, this type of exercise also points to the limita-
tions of inferring heterogeneity in moral hazard across individuals from such simple 
descriptive evidence. For example, because the change is in menus rather than in 
specific plans, the extent of the treatment is driven by the endogenous plan choice 
from within the menu of options.

In that online Appendix we also look for suggestive evidence of selection on 
moral hazard. The pure comparative static of the model we present in Section I is 
that individuals with a greater behavioral response to coverage will choose greater 
coverage. Some suggestive evidence of such patterns comes from comparing the 
estimated behavioral response between those who chose more versus less coverage 
under the original options. Consistent with selection on moral hazard, we estimate 

21 See Chandra, Gruber, and McKnight (2010), who provide a recent review of some of this literature as well as 
one of the estimated elasticities.

22 Without such a model, a nonparametric test for whether there is heterogeneity in moral hazard effects is pos-
sible to construct when there is no choice in health insurance and an exogenous change in health insurance cover-
age. In this case, a nonparametric test can be developed by relying on the panel nature of the data and comparing 
the joint distribution (before and after the introduction of a new benefit) of the quantiles of medical spending for the 
treatment group relative to the control group; the change in individual’s spending rank (i.e., the joint distribution of 
the quantiles of spending) in the control group provides an estimate of the variation in ranking across individuals 
in their spending to expect simply from the random nature of health realizations. When an endogenous plan choice 
is present (as in our setting), however, a nonparametric test for heterogeneity in moral hazard is more challenging.
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a reduction in spending associated with the move from the old options to the new 
options that is more than twice as large for those who originally had more coverage 
than for those who originally had less coverage, even though the reduction in cost 
sharing associated with the change in options (i.e., the treatment) is substantially 
larger for those who had less coverage. Yet the estimates are not precise, and, absent 
a model, it is difficult to separate the behavioral response from the endogenous plan 
choice from among the new options.

IV.  Econometric Specification

A. Parameterization

We now turn to specify a more complete econometric model that is based on the 
economic model of individual coverage choice and utilization developed in Section I. 
This will allow us to jointly estimate coverage choices and utilization, relate the 
estimated parameters of the model to underlying economic objects of interest, and 
quantify how spending and welfare may be affected under various counterfactuals. 
The additional modeling assumptions in this section are of two different natures. 
First, we will need to specify more parametrically some of the objects introduced 
earlier (e.g., individuals’ beliefs ​F​ λ​(⋅)). Second, we need to specify what form of 
heterogeneity we allow across individuals, and for a given individual over time.

Our unit of observation is an employee i, in a given year t. We abstract from the 
specifics of the timing and nature of claims, and, as we have done so far, simply code 
utilization ​m​it​ as the total medical spending (in dollars) for the entire year. The indi-
vidual faces the choice set of either the original plan options or the new plan options 
(as described in Table 2), depending on the year and the employee’s union affilia-
tion, which dictates whether and when he was switched to the new benefits options.

Using the model of Section I, recall that individuals are defined by three objects: 
their beliefs about their subsequent health status ​F​ λ​(⋅), their moral hazard parameter 
ω, and their risk aversion ψ. We assume that ​ω​i​ and ​ψ​i​ may vary across employees, 
but are constant for a given employee over time. It is the potential heterogeneity in ​
ω​i​ that is the focus of the paper. We also assume that ​F​ λ​(⋅) is a (shifted) lognormal 
distribution with parameters ​μ​λ, it​, ​σ​λ, i​ , with support (​κ​λ, i​  ,∞), as explained below. 
That is, beliefs about health also vary across employees, and we allow ​μ​λ, it​ to be 
time varying to reflect the possibility that information about one’s health evolves 
with time.

At the time of coverage choice individuals believe that

(6)	 log(​λ​it​ − ​κ​λ, i​) ∼ N(​μ​λ, it​, ​σ​ λ, i​ 
2
  ​),

and these beliefs are correct. Assuming a lognormal distribution for λ is natural, as 
the distribution of annual health expenditures is highly skewed (Figure 1). The addi-
tional parameter ​κ​λ, i​ is used in order to capture the significant fraction of individuals 
who have no spending over an entire year. When ​κ​λ, i​ is negative, the support of the 
implied distribution of ​λ​it​ is expanded, allowing for ​λ​it​ to obtain negative values, 
which in turn implies (when ​ω​i​ is not too large) zero spending. The parameter ​σ​λ, i​ 
indicates the precision of the individual’s information about his subsequent health.



198 THE AMERICAN ECONOMIC REVIEW february 2013

It is the heterogeneity in ​μ​λ, it​ , ​σ​λ, i​  , and ​κ​λ, i​ that gives rise to the traditional form 
of adverse selection on the basis of expected health; i.e., on the basis of expected λ 
(denoted ​

_
 λ​ ), which is given by

(7)	​
_
 λ​(​μ​λ​, ​σ​λ​, ​κ​λ​) = exp(​μ​λ​ + ​ 1 _ 

2
 ​ ​σ​ λ​ 2

 ​) + ​κ​λ​.

That is, higher ​μ​λ, it​ , ​σ​λ, i​  , or ​κ​λ, i​ are all associated with higher expected λ, which all 
else equal leads to greater expected medical spending and greater cost by the insur-
ance provider. All else equal, individuals with higher ​μ​λ, it​ , ​σ​λ, i​  , or ​κ​ λ, i​ also prefer to 
choose greater coverage, thus giving rise to adverse selection.

Let xit denote a vector of observables that are taken as given, and let ​
_

 ​x​i​​ denote 
their within-individual average. In order to link the latent variables to observables, 
we make several parametric assumptions. First, we assume that log ​ω​i​ , log ​ψ​i​ , and 
​
_

 ​μ​λ, i​​ (which denotes the average (over time) of ​μ​λ, it​ for individual i) are drawn from 
a jointly normal distribution, such that23

(8) ( ​_ ​μ​λ, i​​ ) ∼ N (( ​
_

 ​x​i​​ ​β​λ​ ),( ​σ​ ​ _ μ​​ 
2
 ​ ​σ​μ, ω​ ​σ​μ, ψ​ )).log ​ω​i​ ​

_
 ​x​i​​ ​β​ω​ ​σ​μ, ω​ ​σ​ ω​ 2

 ​ ​σ​ω, ψ​
log ​ψ​i​ ​

_
 ​x​i​​  ​β​ψ​  ​σ​μ, ψ​   ​σ​ω, ψ​ ​σ​ ψ​ 2

 ​

We then assume a random effects structure on ​μ​it​ : we let ​μ​it​ vary over time, but 
assume that it is correlated within an employee, so that

(9)	​ μ​λ, it​ = ​_ ​μ​λ, i​​ + (​x​it​ − ​_ ​x​i​​) ​β​λ​ + ​ϵ​λ, it​  ,

where ​ϵ​λ, it​ is an i.i.d. normally distributed error term, with variance ​σ​ ϵ​ 
2​. The variance 

of ​μ​λ, it​ is then ​σ​ μ​ 2
 ​ = ​σ​ ​ _ μ​​ 

2
 ​ + ​σ​ ϵ​ 

2​. Finally, we assume that

(10)	​ σ​ λ, i​ 
−2​ ∼ Γ(​γ​1​, ​γ​2​) 1 {​σ​ λ, i​ 

2
  ​ ≤ ​​_ σ ​​2​},

and that

(11)	​ κ​λ, i​ ∼ N(​_ ​x​i​​ ​β​κ​ , ​σ​ κ​ 2
 ​).

That is, ​σ​ λ, i​ 
2
  ​ is drawn from a right-truncated inverse gamma distribution, and ​κ​λ, i​ is 

drawn from a normal distribution, and both are drawn independently from the other 
latent variables.

Thus, overall we estimate four vectors of mean shifters (​β​λ​, ​β​ω​, ​β​ψ​, ​β​κ​), eight 
variance and covariance parameters (​σ​μ​ , ​σ​ε​ , ​σ​ω​ , ​σ​ψ​ , ​σ​κ​ , ​σ​μ, ω​ , ​σ​μ, ψ​ , ​σ​ω, ψ​), and two 
additional parameters (​γ​1​, ​γ​2​) that determine the distribution of ​σ​ λ, i​ 

−2​  . Of course, an 
important decision is what observables ​

_
 ​x​i​​ shift which primitive, and whether we 

would like any observables to be excluded from one or more of the (four) equations. 

23 For notational simplicity we consider ​
_

 ​x​i​​ to be the super-set of covariates, and implicitly assume some coef-
ficient restrictions if we allow for different mean shifters for different latent variables.
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To pay particular attention to the underlying variation emphasized in Section II, in 
all the specifications we experiment with, we include in ​

_
 ​x​i​​ treatment group fixed 

effects for each of the four treatment groups (see Table 1), as well as a year fixed 
effect on ​μ​λ, it​, the only time-varying latent variable. We also include coverage tier 
fixed effects since both the choice sets and spending varies substantially by coverage 
tier (see Table 2 and Figure 1, respectively), and a rich set of demographics, specifi-
cally age, gender, job tenure, income, and health risk scores.

B. Estimation

We estimate the model using Markov Chain Monte Carlo Gibbs sampling. The 
multidimensional unobserved heterogeneity naturally lends itself to such methods, 
as the iterative sampling allows us to avoid evaluating multidimensional integrals 
numerically, which is computationally cumbersome. The key observation is that 
the model we developed is sufficiently flexible so that we can augment the latent 
variables into the model and formulate a hierarchical statistical model. To see this, 
let ​θ​1​ = {​β​λ​ , ​β​ω​, ​β​ψ​, ​β​κ​; ​σ​μ​, ​σ​ε​, ​σ​ω​, ​σ​ψ​, ​σ​κ​, ​σ​μ, ω​, ​σ​μ, ψ​, ​σ​ω, ψ​; ​γ​1​, ​γ​2​} be the set of param-
eters we are interested in, and let ​θ​2​ = {​λ​it​  , ​μ​λ, it​  , ​σ​λ, i​  , ​κ​λ, i​ , ​ω​i​ , ​ψ​i​​}​ i=1, t=2003​ 

i=N, t=2004​ be the set 
of employee-year latent variables. The model is set up so that, even conditional on ​
θ​1​, we can always rationalize the observed data—namely, plan choice and medical 
utilization—by appropriately finding a set of latent variables for each individual, ​θ​2​.

Thus, the iterative procedure is straightforward. We can first sample from the 
distribution of ​θ​1​ conditional on ​θ​2​ . Because, conditional on ​θ​2​  , there is no addi-
tional information in the data about ​θ​1​, this part of the sampling is simple and quite 
standard. Then, we can sample from the distribution of ​θ​2​ conditional on ​θ​1​ and 
the information available in the data. This latter step is of course more custom-
ized toward our specific model, but does not introduce any conceptual difficul-
ties. The full sampling procedure, the specific prior distributions we impose, and 
the resultant posteriors are described in detail in online Appendix D. We verified 
using Monte Carlo simulations that the procedure works effectively, and is robust 
to initial values. For our baseline results, the estimation appears to converge after 
about 5,000 iterations of the Gibbs sampler, so we drop the first 10,000 draws and 
use the last 10,000 draws of each parameter to report our results. The results we 
report are based on the posterior mean and posterior standard deviation from these 
10,000 draws.

One important difficulty that our model introduces is related to our decision to not 
allow for an additive separable plan-specific error term. It is extremely common in 
applications of discrete choice (such as ours) to add such error terms, and often to 
assume that they are distributed i.i.d. across plans and individuals. Such error terms 
serve two important roles. First, they allow the researcher to rationalize any choice 
observed in the data through a large enough error term. Second, their independence 
makes the objective function of any M-estimator smooth, which is computationally 
attractive for numerical optimization. In the context of our application, however, 
we view such error terms as economically unappealing. The options from which 
individuals in our sample choose are financially rankable and are identical in their 
nonfinancial features. This makes one wonder what such error terms would capture 
that is outside of our model. The clear ranking of the options also makes the i.i.d. 
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nature of the error terms not very appealing. Instead, we introduce a fair amount of 
heterogeneity along the other dimensions of our model. Some of this heterogene-
ity (e.g., the heterogeneity in ​σ​λ, i​ and ​κ​λ, i​ ) is richer than the minimum required to 
capture the key economic forces we would like to capture, but this richness is what 
allows us to rationalize all observed choices in the data. This still leads to a model 
that is not very attractive for numerical optimization, which is one important reason 
why we use Gibbs sampling.24

C. Identification

We now discuss the identification of the model. Conditional on the individual-
behavior model described in Section I, the object of interest that we seek to identify is 
the joint distribution of ​F​λ​(⋅), ω, and ψ. We have data on individuals’ health insurance 
options, choices, and medical spending. Throughout the paper we make the strong 
assumption that individuals’ beliefs about their subsequent health status (​F​λ​(⋅)) 
are correct.25

The model and its identification share many properties with some of our earlier 
work on insurance (Cohen and Einav 2007; Einav, Finkelstein, and Schrimpf 2010). 
The key novel element is that we now allow for moral hazard, and heterogeneity in 
it. The panel structure of the data and the staggered timing of the introduction of the 
new options are key in allowing us to identify this new element. We start our dis-
cussion of identification by considering nonparametric identification of our model 
with ideal data. We then discuss the ways in which our actual data is different from 
the ideal, thus requiring us to make additional parametric assumptions that aid in 
identification.

The two features of our dataset that are instrumental for identification are the panel 
structure of the data and the exogenous change in the health insurance options avail-
able to employees. In the ideal setting, we consider a case in which we observe indi-
viduals for a sufficiently long period before and a sufficiently long period after the 
change in coverage. Moreover, we assume that the choice set from which employ-
ees can choose coverage is continuous (for example, one can imagine a continuous 
coinsurance rate, and an increasing and differentiable mapping from coinsurance 
rate to premium).

In such a setting, our model is nonparametrically identified. To see this, note that 
such data provide us with two medical expenditure distributions, ​G​ i​ 

before​(m) and ​G​ i​ 
after​

(m), for each individual i. Using the realized utility model (during the second period 
of the model), these two distributions allow us to recover for each individual ​F​ i, λ​(⋅) 
and ​ω​i​  . To see this, recall that abstracting from the truncation of medical spending 
at zero, our model implies that medical expenditure ​m​it​ is equal to ​λ​it​ + ​ω​i​(1 − ​c​t​). 

24 In addition to our previous work (Cohen and Einav 2007; Einav, Finkelstein, and Schrimpf 2010), several 
other papers have estimated a discrete choice model without an i.i.d. error, for similar reasons. These include Keane 
and Moffitt (1998), Berry and Pakes (2007), and Goettler and Clay (2011).

25 While it is reasonable to question this assumption, absent direct data on beliefs, some assumption about beliefs 
is essential for identification. Otherwise, it is not possible to distinguish beliefs from other preferences that only 
affect choices, such as risk aversion. (See Einav, Finkelstein, and Schrimpf 2010 for a more detailed discussion of 
this point.) While we could instead assume some other (prespecified) form of biased beliefs, correct beliefs seem 
like a natural starting point.
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If ​F​ i, λ​(⋅) is stable over time,26 one can regress (for each employee i separately) ​m​it​ 
on a dummy variable that is equal to 1 after the change. The estimated coefficient 
on the dummy variable would then be an estimate of ​ω​i​(​c​after​ − ​c​before​), providing an 
estimate of ​ω​i​  . The distribution of ​λ​it​ can then be recovered by observing that ​λ​it​ = ​
m​it​ − ​ω​i​(1 − ​c​t​), which is known.

Conditional on ​F​ i, λ​(⋅) and ​ω​ i​  , individual i’s choice from a continuous set of options 
provides a unique mapping from choices to his coefficient of absolute risk aversion 
since—conditional on ​F​ i, λ​(⋅) and ​ω​i​   — the coefficient of risk aversion is the only 
unknown primitive that may shift employees’ choices, and it does so monotoni-
cally. Thus, using information about ​F​ i, λ​(⋅) and ​ω​i​ and individual i  ’s choice from the 
continuous option set,27 we can recover ​ψ​i​  . Since we recovered ​F​ i, λ​(⋅), ​ω​i ​, and ​ψ​i​   
for each employee, we can now combine these estimates for our entire sample, and 
obtain the joint distributions of ​F​λ​(⋅), ω, and ψ.

Our actual data depart from the ideal data described above in two main ways. 
First, although we have a panel structure, we only observe individuals for two peri-
ods in the baseline sample (that is limited to 2003 and 2004). Second, the choice set 
is highly discrete (including three to five options) rather than continuous. We thus 
make additional parametric assumptions to aid us in identification. This implies that 
our identification in the actual estimation cannot rely anymore on identifying the 
individual-specific parameters employee by employee. Rather, we observe a dis-
tribution of medical expenditures before the change and a distribution for medical 
expenditure after the change. We then identify the model by comparing the distribu-
tion after to the distribution before, using the untreated individuals to account for 
time-varying effects in medical spending, just like in the difference-in-differences 
analysis of Section III. Once the distribution of moral hazard, ​ω​i​, is known, the 
remaining identification challenge is very similar to our earlier work mentioned 
above. In the working paper version (Einav et al. 2011) we provide a more detailed 
intuition for these last steps.

V.  Results

A. Parameter Estimates

Table 7A presents the estimated parameters from estimating the model on the 
baseline sample of 7,570 employee-years. The top panel presents the estimated coef-
ficients on the mean shifters of the four latent variables: ​μ​λ, it​ and​ κ​λ, i​, which affect 
expected health risk (E(​λ​it​)), ​ω​i​, which affects moral hazard, and ​ψ​i​, which captures 
risk aversion. The middle panel report the estimated variance-covariance matrix and 
the bottom panel reports the estimates of the rest of the parameters. In Table 7B we 
report some implied quantities of interest that are derived from the estimates. The 
latter may be more easy to interpret, so we focus much of the discussion on them.

26 If ​F​ i, λ​(⋅) changes over time, one could parameterize, identify, and estimate the autocorrelation structure with a 
sufficiently long panel (the health risk score variable, which varies over time for a given individual, is quite useful 
in this regard). We therefore treat ​F​ i, λ​(⋅) as stable over time throughout this section.

27 This can be done using either the options set before the change or after. In fact, the ideal data leads to over-
identification, so it could allow us to test for the model’s assumptions and/or to enrich the model.
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Table 7A—Parameter Estimates

μλ κλ ln(ω) ln(ψ)
(Health risk) (Health risk) (Moral hazard) (Risk aversion)

Mean shifters
Constant 6.11

(0.14)
−389 

(73)
5.31 

(0.24)
−5.57 
(0.10)

Coverage tier
  Single (Omitted) (Omitted) (Omitted) (Omitted)
  Family  0.19 

(0.08)
57 

(51)
−0.58
(0.18)

−0.88
(0.07)

  Emp+Spouse  0.27 
(0.09)

44
(53)

−0.66
(0.22)

−0.95
(0.07)

  Emp+Children  0.24 
(0.08)

185
(47)

−0.28
(0.21)

−0.91
(0.06)

Treatment group
  Switch 2004 −0.01 

(0.07)
−278

(43)
−0.24
(0.11)

−0.31
(0.05)

  Switch 2005 −0.10 
(0.06)

−78
(38)

0.07
(0.12)

−0.23
(0.05)

  Switch 2006  0.12 
(0.07)

−94
(37)

0.01
(0.12)

−0.07
(0.05)

  Switch later (Omitted) (Omitted) (Omitted) (Omitted)
Demographics
  Age −0.01

(0.003)
−5
(1.8)

−0.01
(0.006)

0.01
(0.002)

  Female  0.18
(0.08)

94
(39)

−0.08
(0.13)

−0.07
(0.06)

  Job Tenure 0.002
(0.003)

−2.3
(1.6)

0.002
(0.004)

 0.003
(0.002)

  Income 0.003
(0.002)

6
(0.9)

0.001
(0.003)

−0.0003
(0.001)

Health risk score
  1st quartile (< 1.119) (Omitted) (Omitted) (Omitted) (Omitted)
  2nd quartile (1.119 to 1.863) 0.91

(0.07)
305
(59)

0.13
(0.29)

−0.41
(0.06)

  3rd quartile (1.863 to 2.834) 1.48
(0.08)

242
(81)

1.79
(0.27)

−0.66
(0.06)

  4th quartile (> 2.834) 2.05
(0.09)

−416
(120)

3.38
(0.22)

−0.89
(0.07)

2004 Time dummy −0.12
(0.02)

— — —

Variance-covariance matrix ​_ μλ​ ln(ω) ln(ψ)
 ​
_

 μλ​ 0.20
(0.03)

−0.03
(0.04)

−0.12
(0.02)

  ln(ω) — 0.98
(0.08)

−0.01
(0.03)

  ln(ψ) — — 0.25
(0.02)

Additional parameters
  σμ 0.33

(0.03)
  σκ 290

(12)
  γ1 0.04

(0.004)
  γ2 15

(1.2)

Notes: The table presents our baseline parameter estimates based on our baseline sample of 7,570 employees. As 
described in the text, the estimates are based on a Gibbs sampler; the table reports the posterior mean and the pos-
terior standard deviations in parentheses. All time-varying demographics are set to their mean over the two years, 
except for health risk score, which we allow to be a time-varying shifter of μλ. “Treatment group” dummies refer 
to indicator variables based on the year your union’s benefits were switched to the new benefits. Higher risk scores 
correspond to worse predicted health.
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Table 7B—Implied Quantities

E(λ) ω ψ
Unconditional statistics
Average 4,340

(200)
1,330

(59)
0.0019

(0.00002)
SD 5,130

(343)
3,190
(320)

0.0020
(0.00007)

Unconditional correlations
E(λ) 1.00 0.24

(0.03)
−0.36
(0.01)

ω — 1.00 −0.15
(0.01)

ψ — — 1.00

Marginal effects on E(λ)
Coverage tier
  Single (Omitted)
  Family 360 

(75)
  Emp+Spouse 700 

(85)
  Emp+Children 300 

(69)
Treatment group
  Switch 2004 260 

(71)
  Switch 2005 −320 

(67)
  Switch 2006 640 

(70)
  Switch later (Omitted)
Demographics
  Age −42

(3.6)
  Female 720

(71)
  Job tenure 5.9

(3.1)
  Income 13

(2)
Health risk score
  1st quartile (< 1.119) (Omitted)
  2nd quartile (1.119 to 1.863) 1,600

(96)
  3rd quartile (1.863 to 2.834) 4,000

(200)
  4th quartile (> 2.834) 8,500

(370)
2004 Time dummy −590

(29)

Notes: The table reports some implied quantities of interest that are derived from the estimated parameters in Table 
7A. Posterior standard deviations are in parentheses.
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Overall, as shown in the top panel of Table 7B, the estimates imply an average 
health risk (E(λ)) of about $4,340 per employee-year. We estimate an average moral 
hazard parameter (ω) that is about 30 percent of the average health risk, or about 
$1,330; by way of context, recall that ω is approximately the size of the spending 
effect as we move individuals from no insurance to full insurance (see equation (3)).28

We estimate statistically significant and economically large heterogeneity in 
each one of the components: health, moral hazard, and risk aversion. One way 
to gauge the magnitude of this heterogeneity is in the top panel of Table 7B. Our 
estimates indicate a standard deviation for expected health risk (E(λ)) of about 
$5,100, or a coefficient of variation of about 1.2; the standard deviation of real-
ized health (λ) is, not surprisingly, much larger at $25,000 (not shown). Moral 
hazard (ω) is also estimated to be highly heterogenous, with a standard deviation 
across employees of about $3,200, or a coefficient of variation that is greater than 
2. Finally, we estimate a coefficient of variation for absolute risk aversion (ψ) that 
is about one.

The unconditional correlations (Table 7B, middle panel) are all statistically sig-
nificant, and their signs seem reasonable. We estimate that the unconditional cor-
relation between moral hazard (ω) and expected health risk (E(λ)) is positive and 
reasonably important (0.24). This likely reflects the fact that in our model moral 
hazard type (ω) is measured in absolute (dollar) terms rather than relative to health, 
so individuals with higher E(λ) (i.e., worse health) have more opportunities to exer-
cise moral hazard. The correlation between risk aversion and health risk (and moral 
hazard) is negative, perhaps reflecting the fact that individuals who are more risk 
averse are also those who take better care of their health. A similar pattern was 
documented by Finkelstein and McGarry (2006) in the context of long-term care 
insurance. Finally, as may be expected, we estimate a strong correlation in ​μ​λ, it​, 
over time, of 0.5 (not shown), suggesting that much of an individual’s health risk is 
persistent over time, for example due to chronic conditions.

The signs of the covariates seem generally sensible. The bottom panel of 
Table 7B summarizes the effects of covariates on E(λ) by combining their separate 
effects on ​μ​λ​ and ​κ​λ​. As could be expected, the health risk scores are an important 
predictor of expected health risk E(λ), shifting it by thousands of dollars in the 
expected direction. We also estimate that female employees and employees with 
nonsingle coverage are associated with worse expected health (higher E(λ)). One 
should interpret these latter effects cautiously, however, as health risk scores are 
partialled out and are highly correlated with these other variables. This may also 
explain why the residual effect of income and tenure on expected health appears 
negligible.

Our estimates also imply (Table 7A, top panel) that employees with higher (i.e., 
worse) health risk scores are associated with greater moral hazard and lower risk 
aversion. Again, this likely reflects our choice to model moral hazard in absolute 

28 We estimate an average coefficient of absolute risk aversion of about 0.0019, but caution against trying to 
compare this to existing estimates. In our model, realized utility is a function of both health risk and financial risk, 
while in other papers that estimate risk aversion from insurance choices (e.g., Cohen and Einav 2007, Handel 2012) 
realized utility is only over financial risk. Thus, the estimated level of risk aversion is not directly comparable; 
indeed, one could add a separable health-related component to utility that is affected only by λ to change the risk 
aversion estimates, without altering anything else in the model.
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terms rather than relative to health. Conditional on health risk scores, employees 
with single coverage appear to be associated with greater moral hazard as well as 
with greater risk aversion. This may represent different process of decision making 
regarding health coverage and health care utilization when regarding oneself versus 
his family members.

B. Model Fit

In Table 8 we report the actual and predicted plan choice probabilities. We fit 
the choices of employees who are choosing from the original plan options remark-
ably well. The fit of the choices from the new options is also reasonable, but not as 
good as the fit for the original options. This is likely because there are many fewer 
employees in the baseline sample who are subject to the new options. Thus, to the 
extent that the same model attempts to rationalize the choices from both the old and 
new options, it is natural that more weight is given to trying to fit choices from the 
old menu, leading to slightly worse fit for those choosing from the new menu.

Figure 2 reports the actual and predicted distributions of medical expenditure. 
The top panel reports the fit for the individuals facing the old options, and the bot-
tom panel reports the fit for the individuals facing the new options. Overall, the fit is 
quite reasonable. For example, the predicted average spending is within 10 percent 
of actual average spending under both the original and new options, and the medians 
also fit quite well. We tend to overpredict the fraction of individuals who have no 
spending under the new options, but this again is likely driven by the relatively small 
number of employees who are switched to the new options in our estimation sample.

Finally, we note that if we simulate data based on our parameter estimates and 
then run the difference-in-differences analysis we report on in Section IV, we predict 
about an 8 percent reduction in spending associated with moving from the old option 
set to the new option set. This is broadly similar to the difference-in-differences 
estimates we obtained for the actual data (Table 6, columns 1–3). Given how impre-
cise our difference-in-differences estimates are, however, both in the actual data 
and in the simulated data, we caution against making too much of any comparison. 
The lack of statistical significance of the difference-in-differences estimate in the 

Table 8—Model Fit: Choice Probabilities ( Percent)

Plan Data Model

Original options (N = 6,896)
Option 1 1.2 2.0
Option 2 58 57
Option 3 41 41

New options (N = 674)
Option 1 5.9 5.0
Option 2 0.5 5.0
Option 3 1.9 1.0
Option 4 27 11
Option 5 65 76

Notes: The table reports the actual and predicted choice probabilities of each plan. Plans are 
numbered from lowest to highest coverage. For plan details see Table 2.
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simulated data, relative to the reasonably precise estimates of the model parameters, 
suggests that a more complete model of unobservable heterogeneity and endog-
enous plan choice is important in increasing precision.
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Figure 2. Model Fit: Medical Spending Distributions

Notes: The figure presents the distribution of total annual medical expenditure, in the data and 
in model simulations based on the estimated parameters. The graph uses a log scale, such that 
the second bin covers expenditure lower than exp(0.5), the next covers expenditures between 
exp(0.5) and exp(1), and so on; the x-axis labels show the corresponding dollar amounts of 
selected bins. The top panel compares spending of individuals who faced the original options, 
and the bottom panel compares the spending distribution of individuals who faced the new 
options.
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C. Moral Hazard Estimates

The parameter ​ω​i​ captures moral hazard in our model. Recall that, abstracting 
from the truncation of spending at zero, employee i would spend ​λ​it​ in year t if he 
had no insurance, and with full insurance would spend ​λ​it​ + ​ω​i​. Thus, ​ω​i​ can be 
thought of as the scope for moral hazard. As discussed, the top panel of Table 7B 
reports that the estimated average of ​ω​ i​ is about $1,330, or about 30 percent of the 
estimated health risk (the average of ​λ​it​).

Table 9 reports an alternative way one could quantify moral hazard. In the top row 
of the table, we calculate each employee’s expected decline in medical expenditure 
as we move him from the highest to the lowest coverage in the new options. We will 
feature the move (or choice) between these two options in all of our subsequent 
counterfactual exercises. Recall that, as we have modeled these options, moving 
from the highest to the lowest coverage primarily entails moving someone from 
a plan with no deductible to a plan with a high deductible, specifically a $3,000 
deductible for nonsingle coverage, or $1,500 for single coverage (Table 2). We 
estimate that the average spending effect from this move is $348. The second row 
reports a similar exercise, but considers moving individuals from full insurance to 
no insurance. We estimate an average spending reduction of $1,273; this is slightly 
lower than the average ​ω​i​ of $1,330 reported earlier (Table 7B) precisely because of 
the truncation of spending at zero.

These economically meaningful estimates of moral hazard satisfy one necessary 
condition for selection on moral hazard—the focus of our paper—to be important. 
A second necessary condition is that moral hazard be heterogenous. Indeed, we 
find important heterogeneity in our moral hazard estimates across individuals. For 
example, the estimated variance of log(ω) is about 1, and highly statistically signifi-
cant (Table 7A), implying that an employee who is one standard deviation above the 
mean is associated with a moral hazard parameter that is almost three times greater 
than the mean, and an employee who is one standard deviation below the mean has 
a moral hazard parameter that is less than a half of the mean. As shown in the top of 
Table 7B, across individuals, the standard deviation of ​ω​i​ is almost $3,200, and the 
coefficient of variation of ω is more than 2.

Table 9—Spending Implications of Moral Hazard Estimates

Mean SD 10th 25th 50th 75th 90th

Spending difference as we move from
  no to high-deductible plan

348 749 0 0 48 316 1,028

Spending difference as we move from
  full to no insurance

1,273 3,181 0 86 310 1,126 3,236

Notes: The table reports the implied spending implications if we move different employees across plans. For each 
employee, we use the model estimates to compute his decline in expected annual expenditure as we change his 
insurance plan. In the top row, we move each employee from the highest coverage option under the new benefit 
options (option 5) to the lowest coverage option under the new benefit options (option 1); roughly speaking, this 
entails moving from a plan with no deductible to a plan with a high deductible; see Table 2 for more details. In the 
bottom row, we move each employee from full to no insurance. The table then summarizes the cross-sectional dis-
tribution of the spending effects. The estimates are primarily driven by the estimated distribution of ω, but they take 
into account the truncation of spending at zero by integrating over the conditional (on ω) distribution of λ.
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Again, Table 9 reports more economics-motivated measures of heterogeneity in 
moral hazard. The top row shows that the spending decline as we move individuals 
from the no-deductible plan to the high-deductible plan has a standard deviation of 
$749, compared to the mean of $348. The median spending reduction is only $48, 
while the ninetieth percentile exhibits a spending reduction of more than $1,000. 
Similarly, as we move individuals from full insurance to no insurance, we estimate 
that the median reduction in spending is $310, but the 90th percentile of the spend-
ing reduction distribution is greater than $3,000.29

D. Selection on Moral Hazard

The fact that individuals are heterogenous in their moral hazard responses to cov-
erage does not, of course, mean that they select on it in any quantitatively mean-
ingful way. That is, it is conceivable that heterogeneity in other factors is more 
important in determining plan choice. As one way to gauge the quantitative impor-
tance of selection on moral hazard, we examine how the choice of coverage varies 
with the quantiles of the marginal distribution of moral hazard ω, and compare this 
to how the choice of coverage varies with the quantiles of the marginal distribution 
of risk aversion ψ, and of expected health risk E(λ). Once again, we focus on the 
choice between the highest-coverage and lowest-coverage plans in the new options 
(see Table 2). Loosely, our exercise resembles the introduction of a high-deductible 
health insurance plan into a setting where previously there was only a no-deductible 
plan. We set the premiums so that, on average, 10 percent of our sample chooses the 
high-deductible plan.

Figure 3 reports the results. It shows the fraction of individuals choosing the high-
deductible coverage, conditional on the individual being in each quantile of the mar-
ginal distribution of moral hazard ω, of risk aversion ψ, and of expected health risk 
E(λ). We present two different sets of results. The top panel presents the pattern 
while taking as given the underlying correlation structure among these objects. This 
panel can be thought of as giving the empirical answer to the question of how much 
selection there is, on net, on each of the latent primitives that we model. Given the 
flexible correlations we allow for, these patterns are, a priori, of ambiguous sign. 
The bottom panel repeats the same exercise but “shuts down” the effect of the cor-
relation structure. To do so, we compute the marginal distributions (unconditional 
on observables) of each of the three latent variables that affect plan choice (ω, ψ, and 
E(λ)), and draw values for the other two latent variables independent of the value of 
the variable for which the graph is drawn. This panel can be thought of as giving the 
answer to the conceptual comparative static exercise of how much selection there 
is on one latent factor, holding the other factors constant. As discussed previously, 
demand for higher coverage generally increases in expected health risk, in risk aver-
sion, and in moral hazard. Our purpose here is to assess the relative magnitudes. 
Taken together, the two panels help inform not only whether, empirically, there is 

29 We explored whether our modeling of moral hazard as an additive shifter of spending is important in driving 
our estimates of significant heterogenous moral hazard. Online Appendix E shows results from an alternative model 
in which moral hazard is modeled as multiplicative rather than additive; we continue to find substantial heterogene-
ity in moral hazard in this alternative model.
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Figure 3. Selection on Moral Hazard Relative to Other Sources of Selection

Notes: The figure illustrates the relative importance of the three different sources of selec-
tion that we model. We consider an individual’s choice between two available options: the 
no-deductible and high-deductible plans among the new set of options (see Table 2, options 5 
and 1, respectively). We assume the observed (averaged within each coverage tier) premiums 
for these two options. Each point in the figure indicates the fraction of individuals choosing 
the high-deductible (i.e., low-coverage) option relative to the no-deductible (high-coverage) 
option. We consider three sources of selection: E(λ) (risk), ω (moral hazard), and ψ (risk 
aversion). For each of them, we compute the fraction choosing the high deductible at differ-
ent quantiles of the distribution. In the top panel, we take into account the correlation between 
each component and the others, while in the bottom panel we repeat the same exercise but draw 
the other components of the model randomly from their marginal distribution (that is, assum-
ing no correlation).
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selection on moral hazard and of what sign (top panel) but also the extent to which 
any such selection is primarily “direct” selection based on moral hazard rather than 
“indirect” selection arising from the correlation structure between moral hazard and 
other factors that may be driving plan choice.

The results in the top panel indicate that empirically there is selection on moral 
hazard of the expected sign, with higher moral hazard types (higher ω) less likely 
to choose the high-deductible plan. In terms of the substantive importance of this 
selection, both panels reveal a similar qualitative pattern: selection on moral haz-
ard is substantially larger than selection on risk aversion and of similar magnitude 
to selection on health risk. For example, the top panel indicates that moving from 
the tenth percentile to the ninetieth percentile of the moral hazard distribution is 
associated with about a 23 percentage point decline in the demand for the high-
deductible plan, while moving from the tenth to the ninetieth percentile of the 
expected health risk distribution is associated with about a 24 percentage point 
decline in the demand for the high-deductible plan. While some of this reflects 
the underlying correlation structure, the “pure” comparative static shown in the 
bottom panel produces quite comparable magnitudes. This suggests that much of 
this selection on moral hazard is “direct” selection. In other words, in making plan 
choices, individuals select not only based on the expected levels of spending that 
they would incur with no insurance, but also on their expected slope, or incremen-
tal spending due to insurance.

By contrast, we find selection on risk aversion considerably less important than 
selection on either moral hazard or expected health. In our data (see Figure 3, panel A) 
there is very little variation in demand for the high-deductible plan across the cen-
tiles of the risk aversion distribution (reflecting various correlations), and even the 
“pure” comparative static (Figure 3, panel B) suggests only about a 15 percentage 
point range between the tenth and ninetieth percentiles.

E. Implications for Spending

We investigate the implications of the selection on moral hazard that we detect for 
attempts to combat moral hazard through higher consumer cost sharing. To this end, 
we perform counterfactual analyses of the spending reduction associated with intro-
ducing a lower coverage option. Given our finding that higher “moral hazard types” 
prefer greater coverage, accounting for this selection on moral hazard suggests that 
introducing plans with greater consumer cost sharing will produce less of a spend-
ing reduction than would be estimated if selection on moral hazard were ignored, 
and it were assumed that those who select the lower coverage option are drawn at 
random from the “moral hazard type” distribution.

In the health care sector, the impact of consumer cost sharing on moral hazard 
is an issue of considerable policy as well as academic interest. The size and rapid 
growth of the health care sector, and the pressure this places on public sector bud-
gets, has created great interest among both academics and policymakers in possible 
approaches to reducing health care spending. Encouraging individuals to enroll in 
plans with higher consumer cost sharing, such as the tax-advantaged Health Savings 
Accounts designed to increase enrollment in high-deductible plans, is seen as one 
potentially promising approach to reducing health spending.
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To examine the implications of selection on moral hazard for analysis of such 
efforts, Figure 4 engages in the same exercise as in Figure 3 of giving employees 
in our sample a choice between the no-deductible and high-deductible health insur-
ance plans in the new options. In Figure 3 we fixed the price of each option and 
reported the fraction of each quantile of a latent variable who choose each plan. In 
Figure 4 we instead gradually increase the (relative) price of the higher-coverage 
(no-deductible) option, and assess how much selection is associated with the group 
of employees who endogenously select the lower coverage (high-deductible) option 
at each given price. To show the extent of selection, the figure reports the average 
per-employee decline in annual spending for those employees who endogenously 
select the high-deductible plan at each price.

The figure illustrates strong selection on moral hazard, especially when the share 
of the high-deductible plan is small. For example, when the price of the no-deductible 
coverage is low enough so that only 10 percent of the employees select the high-
deductible coverage, the average (per-employee) spending decline for those who 
select the high-deductible plan instead of the no-deductible plan is just over $130. 
By contrast, were all employees to choose the high-deductible plan instead of the 
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Figure 4. Spending Implications of Selection on Moral Hazard

Notes: The figure illustrates the potential spending implications arising from selection on 
moral hazard. To construct the figure, we use an exercise similar to the one used for Figure 
3. For each individual, we use the model estimates to compute his decline in expected annual 
expenditure as we move him from the highest coverage (no deductible) to the lowest cover-
age (high deductible) in the new benefits options (see Table 2, options 5 and 1, respectively). 
We then vary the relative price of the highest coverage, allowing employees to choose endog-
enously between the two options, and report the per-employee expected decrease in spending 
for the group of individuals who choose the lowest coverage at each price. Without selection 
on moral hazard, the curve would have been flat. Selection on moral hazard implies that those 
with the lowest moral hazard effects of insurance are those who have the lowest willingness 
to pay for incremental coverage and are therefore the first (as the price of coverage increases) 
to switch from higher to lower coverage. Ceteris paribus, therefore, selection on moral hazard 
generates an upward-sloping curve; this can be offset through the correlation between moral 
hazard and other components of demand (such as risk aversion or health risk).



212 THE AMERICAN ECONOMIC REVIEW february 2013

no-deductible plan, we estimate the per-employee spending decline would be about 
$350. As noted in the introduction, the common practice in the literature on health 
insurance and moral hazard is to look for experimental variation that randomly 
moves individuals across plans. Such variation would recover the unconditional 
average effect of coverage (which is $348 in our context); this does not account for 
selection on moral hazard and will therefore substantially overestimate the spending 
reduction associated with the introduction of the high-deductible plan when only a 
small share of individuals select it.

This selection reflects the earlier observation that, all else equal, individuals who 
are associated with higher moral hazard (higher ​ω​i​) have higher willingness to pay 
for insurance, and are therefore the ones who would be the last to switch to the low-
est coverage, as we gradually increase the price of highest coverage. It is somewhat 
interesting that in our setting the selection on moral hazard becomes less impor-
tant (i.e., the slope of the line in Figure 4 becomes less steep) at higher levels of 
prices for the no-deductible plans (which leads to greater fractions choosing the 
high-deductible plan). The same underlying forces are still in play, but are offset by 
the correlation structure with other primitives.

VI.  Illustrative Welfare Analysis

Our findings of selection on moral hazard also have implications for policies 
aimed at reducing selection. Analysis of how to mitigate selection often focuses 
on risk adjustment—whereby an individual’s insurance premiums are adjusted 
on the basis of individual covariates (such as age, gender, and prior health condi-
tions) that are predictive of expected medical spending. From this perspective, the 
potential for selection on moral hazard suggests that investments in better moni-
toring technologies—such as coinsurance rates that vary across diagnoses (e.g., 
heart attack versus headache) or types of health care (e.g., doctor visits versus 
inpatient services) with different behavioral responsiveness to insurance—may 
also be effective at ameliorating adverse selection. Our final set of counterfac-
tual analyses considers these issues of contract design by using our model to go 
further out-of-sample and analyze the impact of alternative contract designs on 
social welfare.30

A. Measuring Welfare

Our standard measure of consumer welfare will be the notion of certainty equiv-
alent. That is, for an individual defined by (​F​λ​(⋅), ω, ψ), we denote the certainty 

30 Our framework assumes that any moral hazard–induced expenditure represents pure waste from a societal 
perspective. While this seems (to us) a natural benchmark—and is in line with the traditional view of moral hazard 
as a distortion that arises from misaligned incentives that result from the fundamental (risk smoothing) properties 
of providing insurance (e.g., Holmström 1979)—it is reasonable to question whether this literal interpretation is 
appropriate as a normative statement in the context of health insurance. For example, in the absence of subsidies, 
liquidity-constrained, ill-informed, or myopic consumers may underconsume medical care. Absent any clear guid-
ance as to the nature and magnitude of any such frictions, we abstract from them in our model and note that it is not 
necessary to interpret these welfare results in a normative light. It is still a useful metric by which we can quantify 
and compare the effects of moral hazard, adverse selection, and different contract design features.
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equivalent to a contract j by the scalar ​e​j​ that solves −exp(−ψ ​e​j​ ) = ​v​j​  (​F​λ​(⋅), ω, ψ), 
or

(12)	​ e​j​(​F​λ​(⋅), ω, ψ) ≡ −  ​ 1 _ ψ ​   ln[​∫ 
 
​ 
 

​ e​xp(−ψ ​u​*​(λ, ω, j  ))d​F​λ​(λ)].

Our assumption of CARA utility over (additively separable) income and health 
implies no income effects. Because y and ​p​j​ are taken as given (at the time of utiliza-
tion choice), it will be convenient to define

(13)	​      u​(m; λ, ω, j) = [(m − λ) − ​ 1 _ 
2ω ​(m − λ​)​2​] − ​c​j​  (m),

so that (based on equation (1)) u(m; λ, ω, j) = ​     u​(m; λ, ω, j) + y − ​p​j​  . It will also be 
convenient to denote ​​     u​​*​(λ, ω, j) ≡ ​     u​(​m​*​(λ, ω, j); λ, ω, j).

To see the implications of no income effects, we can substitute ​u​*​(λ, ω, j)  
= ​​     u​​*​(λ, ω, j) + y − ​p​j​ into equation (12) and reorganize to obtain

(14)    ​    e​j​(​F​λ​(⋅), ω, ψ) ≡ ​​     e​​j​(​F​λ​(⋅), ω, ψ) + y − ​p​j​ 

	 ≡ − ​ 1 _ ψ ​ln[​∫ 
 
​ 
 

​ e​xp(− ψ​​     u​​*​(λ, ω, j))​dF​λ​(λ)] + y − ​p​j​  ,

so that ​​     e​​j​ (​F​λ​(⋅), ω, ψ) captures the welfare from coverage, and residual income enters 
additively. Using this notation, differences in ​     e​(⋅) across contracts with different 
coverages capture the willingness to pay for coverage. For example, an individual 
defined by (​F​λ​(⋅), ω, ψ) is willing to pay at most ​​     e​​k​(​F​ λ​(⋅), ω, ψ) − ​​     e​​j​(​F​λ​(⋅), ω, ψ) in 
order to increase his coverage from j to k.

We assume that insurance providers are risk neutral, so that the provider’s welfare 
is given by his expected profits, or

(15)	​ π​j​(​F​λ​(⋅), ω) ≡ ​p​j​ − ​∫ 
 
​ 
 

​ [​m​*​​(λ, ω, j) − ​c​j​(​m​*​(λ, ω, j))] d ​F​λ​(λ),

where the integrand captures the share of the utilization covered by the provider 
under contract j. Total surplus ​s​j​ is then given by

(16) ​ s​ j​(​F​λ​(⋅), ω, ψ) = ​e​j​(​F​λ​(⋅), ω, ψ) + ​π​j​(​F​λ​(⋅), ω)

	 = ​​     e​​j​(​F​λ​(⋅), ω, ψ) + y 

	 − ​∫ 
 
​ 
 

​ [​m​*​​(λ, ω, j) − ​c​j​(​m​*​(λ, ω, j))] d​F​λ​(λ).

That is, total surplus is simply certainty equivalent minus expected cost.
To gain intuition, it may be useful to discuss the nature of the efficient contract 

in this setting. Because of our CARA assumption, premiums are transfers that 
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do not affect total surplus. Therefore, the efficient contract can be characterized 
by the efficient coverage function ​c​*​(⋅) that maximizes total surplus (as given by 
equation (16)) over the set of possible coverage functions. Such optimal contracts 
would trade off two offsetting forces. On one hand, an individual is risk averse 
while the provider is risk neutral, so optimal risk sharing implies full coverage, 
under which the individual is not exposed to risk. On the other hand, the presence 
of moral hazard makes an insured individual’s privately optimal utilization choice 
socially inefficient; any positive insurance coverage makes the individual face a 
health care price that is lower than the social cost of health care, leading to excessive 
utilization. Efficient contracts will therefore resolve this trade-off by some form of 
partial coverage (Arrow 1971; Holmström 1979). For example, it is easy to see that 
no insurance (​c​*​(m) = m) is efficient if individuals are risk neutral or face no risk  
(​F​λ​(⋅) is degenerate), and that full insurance (​c​*​(m) = 0) is efficient when moral 
hazard is not present (ω = 0). In all other situations, the efficient contract is some 
form of partial insurance.

B. Welfare Implications

Table 10 reports our welfare results. Once again we restrict our attention to a 
choice between the no-deductible and high-deductible plans under the new options 
(Table 2, options 5 and 1, respectively). Throughout this section we make the sim-
plifying assumption of perfect competition for the incremental coverage among pro-
viders of the no-deducible plan, so that the incremental price of the no-deductible 
plan breaks even for those who provide it: incremental price is equal to incremental 
cost.31 We report the implications of various counterfactual contracts for the equi-
librium (incremental) premium for the no-deductible plan, the share choosing this 
plan, expected spending per employee, and total welfare (or surplus) per employee. 
Our primary focus is on the consequence of different contract designs for total wel-
fare (i.e., the sum of consumer welfare and producer welfare), which in our context 
is the certainty equivalent minus expected costs (see equation (16)).

The first row presents the “status quo” benchmark contract with no (additional) 
screening or monitoring. As with the observed contracts in our data, individuals are 
offered a “uniform” price that varies only by coverage tier, and insurance companies 
reimburse medical spending, regardless of its origin, based on their contract rules. 
We estimate that the competitive, average incremental price for the no-deductible 
plan (relative to the high-deductible plan) is about $1,570, and that at this competi-
tive price 90 percent of the employees would select the no-deductible plan. We nor-
malize total welfare per employee in this status quo benchmark to be zero, so that 
we can more easily compare the welfare gains from alternative contract designs.

The second row presents our “perfect screening” counterfactual, which elimi-
nates adverse selection. Specifically, we assume that insurers can observe and price 
on all the determinants of health care utilization that the individual knows at the 
time of his insurance choice—i.e., all of the components of F(λ) as well as ω. We 
solve for the incremental price of the no-deductible plan that breaks even for each 

31 We normalize the price of the lower coverage option to 0. Given our assumptions of CARA utility and a real-
ized utility that is additively separable in income, the price level does not affect plan choice or welfare.



215einav et al.: selection on moral hazard in health insuranceVOL. 103 NO. 1

employee individually, thereby eliminating the adverse selection that arises from 
uniform pricing. The results indicate that, as expected, the elimination of adverse 
selection leads to a lower (average) incremental premium for the no-deductible 
plan, increased coverage (i.e., greater fraction choosing the no-deductible plan), 
and higher welfare. It also leads to lower expected spending since the risk-based 
pricing disproportionately shifts higher moral hazard (ω) individuals into lower 
coverage. We estimate the welfare gain per employee from eliminating adverse 
selection to be about $52.32

Of particular interest is the contribution of eliminating selection on moral 
hazard—i.e., one component of adverse selection—to the total welfare gain from 
eliminating adverse selection. Row 3 explores this by reporting the welfare gain 
from eliminating only selection on moral hazard (ω) but continuing to allow 

32 By way of perspective, we calculate the total surplus from perfect screening relative to everyone being in the 
high-deductible plan to be $1,084, so that mispricing due to adverse selection appears to reduce welfare by only 
a small amount relative to the total surplus at stake. Although not the focus of our paper, this finding is consistent 
with other recent empirical papers on the welfare costs arising from inefficient pricing due to adverse selection; see 
Einav, Finkelstein, and Levin (2010) for a discussion of some of this recent literature.

Table 10—Spending and Welfare Effects of Asymmetric Information

Average 
equilibrium 

(incremental) premium

No-deductible
plan 
share

Expected 
spending 

per employee

Total 
welfare 

per employee

(1) “Status quo”: no screening or 
monitoring

1,568 0.90 5,318 Normalized to 0

(2) “Perfect screening”: premiums 
depend on F(λ) and ω

1,491 0.91 5,248 52

(3) “Imperfect screening”: 
premiums depend on ω (but not 
on F(λ))

1,523 0.88 5,265 34

(4) “Perfect monitoring”: contracts 
reimburse only “λ-related” 
spending

1,139 0.94 4,185 490

(5) “Imperfect monitoring”: perfect 
monitoring assumed for choice 
(but not for utilization)

1,139 0.94 5,327 25

Notes: The table reports the spending and welfare effects from a set of counterfactual contracts described in the text. 
All exercises are applied to a setting in which the only two options available are the no-deductible plan and the high-
deductible plan under the new benefit options (i.e., option 5 and option 1, respectively; see Table 2). Equilibrium 
premiums are computed as the incremental (relative) premium for the no-deductible plan that equals the expected 
incremental costs associated with providing the no-deductible plan to those who choose it. The no-deductible plan 
share is calculated based on the choice probabilities as a function of equilibrium premiums. Expected spending and 
total welfare are computed based on these choices. Row 1 assumes the “status quo” asymmetric information con-
tracts, with a “uniform” price that varies only by coverage tier. Row 2 assumes “perfect screening,” so that contracts 
are priced based on ωi and all components of Fi(λ), and adverse selection is eliminated. Row 3 assumes “imperfect 
screening,” in which contracts are priced based only on ωi. Row 4 assumes “perfect monitoring” so that moral haz-
ard is eliminated. Specifically, we assume the insurance provider can counterfactually observe (and not reimburse) 
spending that is associated with moral hazard; spending associated with health—realization of λ—is reimbursed 
according to the observed contracts. Row 5 assumes “imperfect monitoring” in which, ex ante, individuals choose 
contracts under the assumption that there will be perfect monitoring (i.e., spending associated with moral hazard 
will not be reimbursed), but ex post (after they choose their contract but before they make their spending decision) 
the contracts are changed to be the standard contracts that reimburse all medical spending regardless of its origin.
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selection on health risk (F(λ)). Specifically, we allow insurers to observe ω and 
price on it, but not on F(λ); thus we are eliminating adverse selection on the slope 
of health spending with respect to the insurance contract (ω) but not on the level 
of health spending F(λ). This is, of course, not a very sensible scenario, since 
presumably if insurers could observe ω they could also refuse to reimburse on it, 
and thus eliminate moral hazard entirely (not just selection on moral hazard). But 
it is a conceptually useful way to examine the welfare cost of different sources of 
adverse selection. The results in row 3 suggest that the welfare cost of selection on 
moral hazard is $34, or about 65 percent of the $52 total welfare cost of selection 
from row 2.

In an analogous fashion, we can investigate the contribution of eliminating selec-
tion on moral hazard to the total welfare gain from eliminating moral hazard. In our 
setting, the welfare gain from eliminating moral hazard stems from two sources: 
removing the allocative inefficiency that arises from selection on moral hazard and 
eliminating the traditional moral hazard distortion that comes through socially inef-
ficient overutilization of health care. We show the results from eliminating moral 
hazard in the fourth row, which presents our “perfect monitoring” counterfactual. 
Here we assume that insurance coverage only applies to “λ-related” spending, which 
in the context of our model means that instead of reimbursing based on actual spend-
ing (i.e., reimbursing m − ​c​j​(m)), the contracts reimburse max{λ, 0} − ​c​j​(max{λ, 0}) 
regardless of what the actual spending is. In such situations, optimizing individuals 
would spend max{λ, 0}, which would be the socially efficient level of spending. 
Row 4 of Table 10 indicates that, relative to the status quo (row 1), this elimination 
of moral hazard reduces spending by more than $1,100 per employee (column 3) 
and increases welfare by about $490 per employee, which is an order of magnitude 
greater relative to the welfare gain associated with eliminating adverse selection 
through perfect screening (row 2).

To examine the relative contribution of selection on moral hazard to this welfare 
cost, in row 5 we again consider an artificial counterfactual. Specifically, we assume 
that individuals make their contract choices in the first period as if they are faced 
with the “perfect monitoring” contracts (row 4), but then in the second period make 
their spending decisions faced with the observed contracts that reimburse in the 
same manner as the actual contracts (i.e., reimburse based on m rather than based 
on λ). This allows us to isolate the welfare gain from eliminating solely selection on 
moral hazard, while preserving the distortion in second-period consumption caused 
by moral hazard. The results suggest that eliminating selection on moral hazard can 
achieve welfare gains of $25 per employee, or only about 5 percent of the total wel-
fare cost of moral hazard (row 4).

Overall, these results suggest that, in our setting, selection on moral hazard con-
tributes nontrivially to the total welfare cost of selection, but contributes much less 
relative to the total welfare cost of moral hazard. At a broad level, our findings sug-
gest that in thinking about contract design, traditional approaches to combatting 
moral hazard may well aid in combatting selection, and possibly vice versa. Of 
course, our quantitative estimates undoubtedly depend on our specific setting (con-
tracts and population) and on our modeling assumptions. While there is not much 
we can do about the former (at least in the current paper), we investigate the latter 
in online Appendix F.
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VII.  Conclusions

This paper takes a first step toward marrying empirical analysis of selection with 
that of moral hazard. The active (and growing) empirical literature on insurance 
demand has focused almost exclusively on selection on the level of risk and on risk 
preferences, and largely abstracted from moral hazard.33 The large and venerable 
literature on moral hazard in insurance has largely focused on average moral hazard 
effects, abstracting from potential heterogeneity as well as potential selection on 
that heterogeneity. This paper attempts to fill this gap by introducing the possibility 
that individuals’ anticipated behavioral response to insurance affects their contract 
choice. We suggest that this component of adverse selection can have interesting 
implications for standard analyses of both selection and moral hazard.

We explored the existence, nature, and implications of selection on moral haz-
ard empirically in the context of employer-provided health insurance in the United 
States. We estimate substantial heterogeneity in moral hazard and selection on it 
in our setting, with individuals who have a greater behavioral response to the con-
tract demanding more coverage. We estimate that heterogeneity in moral hazard 
is roughly as important as heterogeneity in expected health risk in determining 
whether to buy a higher- or lower-deductible plan. In other words, adverse selection 
based on the slope of spending (i.e., the incremental spending due to insurance) 
appears about as quantitatively important in our setting as adverse selection based 
on the expected level of spending. We illustrate some potential implications of such 
selection on moral hazard. For example, we estimate that if we ignored selection on 
moral hazard, we could estimate a spending reduction associated with introducing 
a high-deductible plan that is substantially larger than what we estimate when we 
account for the fact that those who select the high-deductible plan have a dispropor-
tionately low behavioral response to such cost sharing.

Needless to say, our quantitative estimates are highly specific to our particular 
population and our particular counterfactual analyses. Nonetheless, at a broad level 
they illustrate the potential importance of selection on moral hazard for the conse-
quences of both selection and moral hazard and of policies designed to affect these 
phenomena. They suggest, for example, that efforts to reduce health spending by 
introducing health insurance options with high consumer cost sharing—such as the 
high-deductible plans available through Health Savings Accounts—may produce 
substantially smaller spending reductions than would have been expected based on 
existing estimates of (average) moral hazard in health insurance. They also suggest 
that improvements in monitoring technology—traditionally thought of as a way to 
reduce moral hazard—may have the ancillary benefit of ameliorating some of the 
efficiency costs of adverse selection.

Given the importance of the topic, we hope that future work will explore selection 
on moral hazard in other contexts and in other ways. As noted, we know of very 
little work that even examines heterogeneity in moral hazard, let alone selection of 
insurance on this heterogeneity. Both the approaches taken in this paper and those 
suggested (but not explored) by Einav, Finkelstein, and Cullen (2010) for estimating 

33 See Einav, Finkelstein, and Levin (2010) for a recent discussion of this literature.
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heterogeneity in moral hazard and its correlation with demand should be fruitful to 
apply in other settings. In addition, our analysis has focused exclusively on some of 
the implications of selection on moral hazard for a given set of contracts; it would be 
interesting to consider, both theoretically and empirically, the implications of selec-
tion on moral hazard for richer analyses of contract design.
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