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Empirical analysis of selection

� Theory: adverse selection can impair efficient operation of insurance markets and

create scope for welfare improving government intervention

� Lays out an empirical agenda:

� [Today] Does selection exist in a particular market

� What are the efficiency costs of any detected selection

� What are the welfare costs of alternative potential government interventions?
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Lecture(s) road map

� Testing for selection

� Empirical welfare analysis I: Using data on choices and claims

� Empirical welfare analysis II: What happens when you can’t use choice data

� Don’t trust revealed preference

� Markets don’t exist
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Testing for Selection



Some perspective

� Seminal theoretical work on adverse selection in 1970s

� Very influential in policy

� 2001 Nobel prize

� Empirical testing only emerges several decades later!
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Adverse selection: downward sloping marginal cost curveMay not be efficient to insure all
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“Positive correlation test”

� Testing for adverse selection essentially requires testing whether MC curve

downward sloping

� Making inferences about marginal individuals can be difficult

� Early empirical approaches developed strategies that could focus on averages

� ’Positive correlation’ or ’bivariate probit’ test (Chiappori and Salanie, JPE 2000)

� ’Early’ for empirical literature on adverse selection in insurance markets

� ’Late’ relative to the theory (1970s!)
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“Positive correlation test”

� Reject null of symmetric information if there is a positive correlation between

insurance coverage and ex-post risk occurrence

� Are average costs of insured higher than average costs of uninsured?

� At any given price, and in particular at the equilibrium price, adverse selection

implies that average cost of insured individuals is higher than average costs of

uninsured individuals
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Positive correlation test: graphical illustration

Selection in Insurance Markets: Theory and Empirics in Pictures     127

“Positive Correlation” Tests for Adverse Selection“Positive Correlation” Tests for Adverse Selection
Using our graphical framework, testing for adverse selection essentially requires Using our graphical framework, testing for adverse selection essentially requires 

us to test whether the MC curve is downward sloping. Making inferences about us to test whether the MC curve is downward sloping. Making inferences about 
marginal individuals is diffi cult, however. As a result, the early empirical approaches marginal individuals is diffi cult, however. As a result, the early empirical approaches 
developed strategies that attempt to get around this diffi culty by, instead, focusing developed strategies that attempt to get around this diffi culty by, instead, focusing 
on comparing averages.on comparing averages.

The graphical depictions of adverse selection in Figure 1 (or Figure 3) suggest The graphical depictions of adverse selection in Figure 1 (or Figure 3) suggest 
one way to examine whether adverse selection is present in a particular insurance one way to examine whether adverse selection is present in a particular insurance 
market: compare the expected cost of those with insurance to the expected cost market: compare the expected cost of those with insurance to the expected cost 
of those without (or compare those with more insurance coverage to those with of those without (or compare those with more insurance coverage to those with 
less coverage).less coverage).

To see this idea more clearly, consider Figure 5. Here we start with the adverse To see this idea more clearly, consider Figure 5. Here we start with the adverse 
selection situation already depicted in Figure 3, denoting the AC curve shown in selection situation already depicted in Figure 3, denoting the AC curve shown in 
previous fi gures by AC previous fi gures by AC insuredinsured to refl ect the fact that it averages over those individuals  to refl ect the fact that it averages over those individuals 
with insurance, and adding one more line: the AC with insurance, and adding one more line: the AC uninsureduninsured curve. The AC  curve. The AC uninsureduninsured  
curve represents the average expected cost of those individuals who do not have curve represents the average expected cost of those individuals who do not have 
insurance. That is, the AC insurance. That is, the AC insuredinsured curve is derived by averaging over the expected costs  curve is derived by averaging over the expected costs 
of the insured (averaging “from the left,” starting at of the insured (averaging “from the left,” starting at Q  == 0) while the AC  0) while the AC uninsureduninsured  
curve is produced by averaging over the expected costs of the uninsured (averaging curve is produced by averaging over the expected costs of the uninsured (averaging 
“from the right,” starting at “from the right,” starting at Q  ==  Q maxmax). A downward-sloping MC curve implies that ). A downward-sloping MC curve implies that 

Figure 5
The “Positive Correlation” Test for Selection
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Example: Annuitant vs. Population Mortality (US 2007)
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Positive correlation test: regression version

Coveragei = Xi β + εi

Accidenti = Xiγ + µi

� Simultaneously estimate above two equations (e.g. bivariate probit)

� Under the null of symmetric information, residuals should be uncorrelated

� Statistically significant positive correlation between two implies rejection of the null

hypothesis

� Note: Crucial to condition on what is priced by insurer.

� Test is among individuals treated symmetrically by insurance company

� As a result, many applications use data from a single insurance company and

compare claims across individuals who are offered same contracts at same price but

choose more vs. less coverage
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Spawned Cottage Industry of Papers

� Acute health insurance and annuities

� Higher risk people tend to have more insurance

� Life insurance, long term care insurance, Medigap:

� Higher risk people have no more (and sometimes less) insurance.

� Auto insurance – evidence more mixed

� Life insurance vs annuities . . .

� Annuity: payments as long as you survive

� Insure opposite risks. And find selection in one not in another . . . ?
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Two Important Limitations to Positive Correlation Test

1. Does not distinguish between adverse selection and moral hazard

2. Not robust to allowing for unobserved preference heterogeneity in addition to risk

types
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Moral hazard also generates positive correlation

� Adverse selection: those with private information they are high expected cost self

select into insurance market

� Moral hazard: individuals identical before purchasing insurance; those with greater

coverage have less incentive to take actions to reduce their expected costs ex post
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Moral hazard also generates positive correlation

Liran Einav and Amy Finkelstein     129

A fi rst important limitation of the positive correlation test is that comparing A fi rst important limitation of the positive correlation test is that comparing 
expected costs across individuals with and without insurance may confound adverse expected costs across individuals with and without insurance may confound adverse 
selection and moral hazard. Both adverse selection and moral hazard can generate selection and moral hazard. Both adverse selection and moral hazard can generate 
a positive correlation between insurance coverage and claims, but these are two a positive correlation between insurance coverage and claims, but these are two 
very different forms of asymmetric information with very different implications very different forms of asymmetric information with very different implications 
for public policy. With adverse selection, individuals who have private information for public policy. With adverse selection, individuals who have private information 
that they are at higher risk self-select into the insurance market, generating the that they are at higher risk self-select into the insurance market, generating the 
positive correlation between insurance coverage and observed claims. As already positive correlation between insurance coverage and observed claims. As already 
discussed, the government has several potential welfare-improving policy tools discussed, the government has several potential welfare-improving policy tools 
to possibly address such selection. With moral hazard, individuals are identical to possibly address such selection. With moral hazard, individuals are identical 
before they purchase insurance, but have incentives to behave differently after. before they purchase insurance, but have incentives to behave differently after. 
Those with greater coverage have less incentive to take actions that reduce their Those with greater coverage have less incentive to take actions that reduce their 
expected costs, which will generate a relationship between insurance coverage expected costs, which will generate a relationship between insurance coverage 
and observed claims. Unlike in the case of adverse selection, the government typi-and observed claims. Unlike in the case of adverse selection, the government typi-
cally has no advantage over the private sector at reducing the welfare costs of cally has no advantage over the private sector at reducing the welfare costs of 
moral hazard.moral hazard.

Figure 6 shows how moral hazard can produce the same “positive correlation” Figure 6 shows how moral hazard can produce the same “positive correlation” 
property as adverse selection produces in Figure 5. Specifi cally, Figure 6 provides a property as adverse selection produces in Figure 5. Specifi cally, Figure 6 provides a 
graphical representation of an insurance market with moral hazard but no selection. graphical representation of an insurance market with moral hazard but no selection. 
The lack of selection is captured by the fl at MC curves. Moral hazard is captured The lack of selection is captured by the fl at MC curves. Moral hazard is captured 

Figure 6
The “Positive Correlation” Test for Moral Hazard
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Positive correlation test is a joint test of adverse selection and moral hazard

� Conceptually very different: ex ante vs. ex post private information

� Policy implications different: government tends not to have comparative

advantage with moral hazard

� So really want to know which you have detected
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Distinguishing selection from moral hazard

� Key point: need exogenous variation in contracts

� Basic problem: distinguishing treatment (moral hazard) from selection (selection!)

� Variety of sources of variation

� Quasi-Exogenous variation (examples)

� Border design / geographic variation in health insurance premiums (Panhans 2019)

� Policy reforms with differential effects on flood insurance prices by house type

(Wagner 2021)

� Randomized experiments (examples)

� Health insurance in rural Pakistan (Fischer et al. 2018)

� Consumer loans in South Africa (Karlan and Zinman 2009)
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Karlan and Zinman 2009

� Setting: Consumer lender (South Africa)

� Randomized offer interest rate and contract rate on loan

� Selection: compare repayment rate of those offered different rates (but receiving

same rate)

� MH: compare repayment rates of those responding to same high offer rate but

facing different contract rates

High Contract Rate Low Contract Rate

High Offer Rate

Low Offer Rate N/A

Moral Hazard
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e 
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ct
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n
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Interpreting results of positive correlation test

� Positive correlation may reflect adverse selection, moral hazard, or both

� Lack of positive correlation may reflect:

� No asymmetric information

� Offsetting advantageous selection and moral hazard?
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Unobserved heterogeneity in preferences

� Standard theory models: individuals may potentially differ on only one unobserved

dimension: risk type

� In the presence of multiple dimensions of heterogeneity, inability to detect a
positive correlation does not preclude presence of selection

� If risk aversion is negatively correlated with risk, lower-risk individuals can purchase

more insurance in equilibrium even when there is private information about risk type

(e.g. Finkelstein and McGarry 2006; Fang et al. 2008)
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Addressing Limitations of the Positive Correlation Test

� Two key issues:

� Not robust to preference heterogeneity

� Joint test of moral hazard and selection

� “Cost curve test” of selection (Einav, Finkelstein and Cullen, 2010)

� Addresses both these issues

� But higher data hurdle (need quasi-random variation in prices)
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Cost curve test (Einav, Finkelstein and Cullen 2010)

� Idea: Slope of MC curve provides a direct test of existence and nature of selection

� Reject null of no selection if reject null of constant MC curve

� Slope of cost curve indicates if selection is adverse or advantageous
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Cost curve test implementation

� Estimate average cost curve on sample who (endogenously) purchase the same

contract:

ci = γ + δpi + εi

where ci is insurable costs (claims), and pi is price of insruance

� Estimating how costs change for the endogenously selected sample of those who
stay insured as price (exogenously) varies

� This is key idea of selection

� Data requirements higher than for positive correlation test:

� As with positive correlation test, need to know insurance coverage (since sample

based on that)

� Additional data hurdle: need exogenous variation in prices
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Aside: Selecting on endogenous outcome

� Useful if you want to understand the characteristics of those who respond to the

intervention

� Other examples:

� What type of DI applicants deterred from hassles (Deshpande and Li 2019)?

� Who is the marginal child when abortion is legalized (Gruber, Levine and Staiger

1999)?

� More generally: "characterizing the compliers" (Abadie 2002).
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Example: Colorado Health Insurance Exchange

� Panhans (2019)

� Colorado Health Insurance Exchange 2014

� Created by Affordable Care Act (ACA)

� Subsidized for low income individuals

� Statewide data on premiums, claims, insurance coverage (exchange coverage vs.

not)

� Source of premium variation: geographic discontinuities in insurance premiums at
boundaries of "rating areas" established by law

� Premiums change discretely at "artificial" boundaries of rating areas

� Compare costs of those enrolled on either side of the border (fixed effect for each zip

code pair ϕg (k))

ci = γ + δpik + ϕg (k) + εi
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Border Design
VOL. 11 NO. 2� 13PANHANS: ADVERSE SELECTION IN ACA EXCHANGE MARKETS

A. Boundary Discontinuity

The designation of rating areas in Colorado for 2014 is shown in Figure 2 at the 
zip code level.14 Individuals living in zip codes along the rating area boundary, 
despite living only a short distance away from each other and facing the same health 
care provider markets, can face potentially very different premiums. To exploit this 
discontinuity, for each zip code on a rating area boundary, all of the neighboring zip 
codes that were in a different rating area were identified. Zip codes were then paired 
with a neighboring zip code if one met the following criteria: was in a different rat-
ing area, but the same local medical market, and the two zip codes mutually shared 
the longest border with each other.

In the main specifications, I use hospital referral regions (HRRs) as the defini-
tion of the medical market. This definition comes from the Dartmouth Atlas, and 
Figure 2 shows a map of the zip codes in Colorado assigned to HRRs. With this defi-
nition, the zip code pairing algorithm yields 32 pairs of zip codes. For robustness, I 
also consider other market definitions, such as hospital service areas (HSAs), which 
are depicted in online Appendix Figure AI. Because HSAs are smaller areas, this 
leaves fewer candidate zip codes for the boundary, as made clear through the figure.

Within each pair, individuals who resided across the boundary would face differ-
ent premiums because of the way the community rating was designed. However, the 
difference varies across matched zip codes. Figure 3 shows the difference in monthly 
premium that a 30-year-old nonsmoker would face for a standard silver plan from 
HMO Colorado (Blue Cross Blue Shield). In some zip code pairs, the difference 

14 The rating areas were defined based on counties. In the claims dataset, however, I only observe zip codes, and 
there are some zip codes that cross county boundaries. For the main analysis, I assign these ambiguous zip codes 
to the county with the largest fraction of the zip code’s population, and this is what is displayed in the map. As a 
robustness check, I repeat the analysis dropping these ambiguous zip codes and find similar patterns. 

Figure 2. 2014 Rating Areas in Colorado

Notes: Five-digit zip codes are shown grouped into rating areas based on color. The outlines designate the grouping 
of zip codes into medical markets, here defined as the Hospital Referral Region (HRR).
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Border-induced premium variation14	 AMERICAN ECONOMIC JOURNAL: APPLIED ECONOMICS� APRIL 2019

amounts to around a 1 percent increase in monthly premiums, while in others it can 
mean an increase of over 40 percent. The median difference is a 15 percent increase 
in monthly premiums across the boundary.

Beginning in 2014, as a consequence of the community rating provisions of the 
ACA, insurers submit rate tables with age and area factors that will determine an 
individual’s monthly premium. These factors are multiplied by a plan’s base rate 
to determine the final premium. For example, a standard silver plan from HMO 
Colorado has a base rate of $262.13 as the monthly premium. The monthly premium 
an individual ​i​ residing in zip code ​k​ would have to pay for the plan depends on the 
insurer’s area factor ​ARE​A​k​​​ and age factor ​AG​E​i​​​ , by the following formula:

(1)	​ pre​m​ik​​  =  262.13 × ARE​A​k​​ × AG​E​i​​​.

Denote by ​g(k)​ the group to which zip code ​k​ has been assigned, and ​​c​i​​​ the annual 
medical spending of individual ​i​ in 2014. Then the estimating equation to detect 
adverse selection is

(2)	​​ c​i​​  = γ + δ ⋅ pre​m​ik​​ + ​ϕ​g(k)​​ + ​μ​i​​​ ,

where ​pre​m​ik​​​ is the premium that individual ​i​ residing in zip code ​k​ faces for insur-
ance. The ​​ϕ​g(k)​​​ denotes a fixed effect for each group of zip codes that have been 
matched, such that the identifying variation comes only from individuals within 
matched zip codes. Because matched zip codes are required to be in the same local 
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Figure 3. Change in Premium across Rating Area Boundary

Notes: There are 32 pairs of neighboring zip codes that cross a rating area while remaining in the same HRR. This 
graph shows the change in monthly premium for Blue Cross Blue Shield’s Silver Plan across each of the 32 pairs 
of zip codes.
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Cost curve indicates selectionVOL. 11 NO. 2� 21PANHANS: ADVERSE SELECTION IN ACA EXCHANGE MARKETS

of interest; these results can then be interpreted as an elasticity, and are more robust 
because of the shape of the transformed distribution.19 The results shown in online 
Appendix Table A9 imply that a 1 percent increase in the insurance premiums in an 
area increases the annual medical expenditures of the insured population by about 
0.8 percent, and the corresponding placebo regressions in online Appendix Table 
A10 bolster the validity of the research design.

There is also heterogeneity in the acuteness of selection across different age seg-
ments of the market. Differences in take-up rates suggest this may be the case, with 
60 percent of 55–64 year olds purchasing insurance, and only 36 percent of 25–34 
year olds. To detect differences in acuteness of selection across age groups, I inter-
act the premium increase with age. For this specification, I group the sample into 
four age bins: 27–34, 35–44, 45–54, and 55–64, and interact each age bin indicator 
with the premium level. The results using the premium of the average silver plan 
are shown in Table 5, and indicate that selection is most acute at the older end of the 
age distribution.

As an alternative, the age heterogeneity can be estimated using log costs and 
the percent increase in premiums. With this specification, however, a slightly dif-
ferent story emerges, with the middle-age groups appearing to account for most of 
the selection, and particularly individuals in the 35–44 age range. I estimate this 
specification using a median regression, as it is more robust to outliers, and allow 
the coefficient of interest to interact with a polynomial of the individual’s age. The 
regression results are shown in online Appendix Table A11 with a quadratic term 

19 The exact specification is ​log (1 + ​c​i​​ )   =  γ + δ​(​ 
pre​m​ik​​ − pre​m​ ik​ 

L ​
  ______________ 

pre​m​ ik​ 
L ​

 ​ )​ + ​ϕ​g(k)​​ + ​μ​i​​​ , where ​pre​m​ ik​ 
L ​​ is the pre-

mium faced by that individual when residing in the less expensive side of the zip code pair. In this formulation, 
the term on the ​δ​ coefficient equals zero for individuals in the less expensive zip code. A more standard way to run 
this regression would be to simply include the log(premium) for each ​i​ in the regression. However, because log 
differences approximate percent changes best for small percent changes, and the percent increases across some of 
the boundaries are >20 percent, and up to a 50 percent increase, the interpretation of the log specification deviates 
compared to using the mathematical definition of the percent change. 

Figure 5. Binned Scatterplot of Selection Regression

Notes: Panel A presents graphically the results from the placebo regression in column 1 of Table 4. Panel B presents 
the results from the main OLS results in panel A, column 1 of Table 3, which indicate adverse selection. The sample 
means of premiums have been added back in to the premium residuals before plotting.
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Cost curve test: comments

� Can detect adverse or advantageous selection (slope of curve)

� Not affects by existence (or lack thereof) of moral hazard

� Estimate cost curve on sample in which coverage is fixed

� OF course slope of cost curve may reflect selection based on different expected

responsiveness to incentive effects

� “Selection on moral hazard” (Einav, Finkelstein, Ryan, Schrimpf, Cullen AER 2013)
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Other consequences of selection

� Most existing work looks at impact of adverse selection on (mis-) pricing and

insurance coverage

� Selection may also give insurers incentives to distort plan benefits

(Rothschild-Stiglitz 1976)

� Relatively little existing work looking at impact of selection on contract / benefit
design

� Cost-sharing to discourage high cost enrollees

� e.g. high cost-sharing for HIV drugs in Part D when new drug development makes

existing diagnosis-based risk adjustment inadequate (Carey 2017 AEJ:Policy)

� Bundling gym memberships with health insurance plans attracts lower cost enrollees

(Cooper and Trivedi 2012 NEJM)

� Broader networks attract higher cost enrollees (Shepard, AER 2022)
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Shepard (2022): Selection and Benefit Design

� Massachusetts pioneer health insurance exchange for low income individuals

(Commcare)

� In 2012, one plan (Network Health Plan) substantially limited its network of
providers

� Dropped Partners (’star hospitals’ - MGH, BWH)
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Limiting plan’s network produces switching out of plan

32 
 

Figure 3. Plan Switching and Selection when Network Health Drops Partners in 2012 

 

 
NOTE: These figures show switching and selection patterns for Network Health enrollees around its 2012 dropping 
of Partners and several other hospitals. The top graph shows the share of Network Health’s enrollees who switch out 
of the plan at each year’s open enrollment – separately for past Partners patients (in blue), past patients of other 
dropped hospitals (in red), all other enrollees (in green), and the average for all enrollees (black dashed line). Past 
patients of Partners and other dropped hospitals are much more likely to switch away from the plan in 2012 than 
other years. The bottom graph shows the average cost (during the prior year) of stayers, switchers out of, and 
switchers into Network Health at each year’s open enrollment. In 2012, the cost of switchers out of Network Health 
was sharply higher, driven by the exit of past Partners patients. These results also hold for risk-adjusted costs (see 
Appendix Table 4 for additional details on the cost of stayers and switchers).   
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High cost enrollees in particular switch out of limited network plan

32 

Figure 3. Plan Switching and Selection when Network Health Drops Partners in 2012 

NOTE: These figures show switching and selection patterns for Network Health enrollees around its 2012 dropping 
of Partners and several other hospitals. The top graph shows the share of Network Health’s enrollees who switch out 
of the plan at each year’s open enrollment – separately for past Partners patients (in blue), past patients of other 
dropped hospitals (in red), all other enrollees (in green), and the average for all enrollees (black dashed line). Past 
patients of Partners and other dropped hospitals are much more likely to switch away from the plan in 2012 than 
other years. The bottom graph shows the average cost (during the prior year) of stayers, switchers out of, and 
switchers into Network Health at each year’s open enrollment. In 2012, the cost of switchers out of Network Health 
was sharply higher, driven by the exit of past Partners patients. These results also hold for risk-adjusted costs (see 
Appendix Table 4 for additional details on the cost of stayers and switchers).  
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Implications

� (Rare) evidence of how benefit design affects selection

� Broader networks attract higher cost enrollees

� See also Kreider, Layton, Shepard, Wallace et al (JHE 2024): covering a top cancer

hospital also creates adverse selection

� Interestingly, this adverse selection into broader network plans occurs despite
‘state of the art’ risk adjustment

� To counteract adverse selection: plans are reimbursed more for patients with higher

predicted costs (‘risk scores’), predicted based on demographics and past diagnoses

� Why might risk scoring be inadequate?

� Statistical challenge (need better data, better algorithms)

� Economic / conceptual challenge: selection on levels (expected health costs) but

also on slope (responsiveness of behavior to plan)
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Some open testing questions

� Many markets where selection has had relatively little examination

� e.g. Disability insurance. There’s a lot of public policy (and research on that public

policy) but not on potential underlying market failure

� Impact of selection on contract design

� Does benefit design respond endogenously to risk distribution (a la Rothschild and

Stiglitz)?

� Why don’t insurance companies price on more observable characteristics?
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