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Insurance Rejections

Across a wide set of non-group insurance markets, companies reject
applicants with certain observable, often high-risk, characteristics

e.g. past stroke ineligible to purchase long-term care insurance

Rejections affect a non-trivial fraction of the population

Murtaugh (1995) estimated 12-23% of 65 year olds ineligible to
purchase (non-group) long-term care insurance

Why reject applicants? Why not offer some contract, perhaps at a
higher price?
I ask whether private information can explain rejections
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Overview of the Talk

1 Develop a theory of how private information can cause rejections

Provide a new “no-trade” condition showing private information can
shut down trade altogether

2 Develop new empirical methodology to ask whether this no-trade
condition can explain rejections

Existing approaches only work where market exists
Use information contained in subjective probability elicitations

Allow elicitations to be noisy and potentially biased measures of true
beliefs

3 Apply the approach to three non-group market settings: Long-term
care, Disability, and Life insurance
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Preview of Results

In all 3 markets, I find:

Significant amounts of private information for those with observable
characteristics that would lead to rejection
More than for those who are able to purchase insurance
Enough private information to explain absence of trade for the rejected

Along the way, find support for findings of previous literature (LTC
and Life) of little/no adverse selection in market segments that are
served by insurance companies

Results suggest practice of rejections limit extent of observed adverse
selection

Pattern of private information in Life setting can also explain absence
of rejections in annuity markets
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Outline

1 Theory

2 Comparative Statics / Measures of Private Information

3 Empirical Methodology

4 Setting and Data

5 Specification and Results

6 Conclusion
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Binary Insurance Model

Model Environment
Unit mass of agents endowed with wealth w

Face potential loss of size l with privately known probability p

Distributed with c.d.f. F (p|X ) where X are observables
For brevity, drop X and let F (p) = F (p|X = x) with support Ψ
Let P denote random draw from population (c.d.f. F (p))

Agents vNM preferences

pu (cL) + (1− p) u (cNL)

When can agents obtain any insurance?

When is it possible to obtain allocations better than the endowment?
Allocation A = {cL (p) , cNL (p)}p∈Ψ
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Implementable Allocations

Definition
An allocation A = {cL (p) , cNL (p)}p∈Ψ is implementable if

1 A is resource feasible:∫
[w − pl − pcL (p)− (1− p) cNL (p)] dF (p) ≥ 0

2 A is incentive compatible: ∀p, p̂ ∈ Ψ,

pu (cL (p)) + (1− p) u (cNL (p)) ≥ pu (cL (p̂)) + (1− p) u (cNL (p̂))

3 A is individually rational: ∀p ∈ Ψ

pu (cL (p)) + (1− p) u (cNL (p)) ≥ pu (w − l) + (1− p) u (w)
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When is the Endowment the Only Implementable
Allocation?

Market allocations must be implementable

When is the endowment the only implementable allocation?

What friction could prevent trade in this environment?

If type p prefers bundle (cL, cNL) to the endowment, then all types
P ≥ p also prefer bundle (cL, cNL)
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No Trade Theorem

Theorem
The endowment, {(w − l ,w)}, is the only implementable allocation if and
only if

p
1− p

u′ (w − l)
u′ (w)

≤ E [P |P ≥ p]
1− E [P |P ≥ p]

∀p ∈ Ψ\ {1} (1)

where Ψ\ {1} denotes the support of F (p) excluding the point p = 1.
Conversely, if (1) does not hold, then there exists an allocation that does
not exhaust resources and provides a strict utility improvement to a
positive mass of types.
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Discussion and Previous Literature

When No-Trade Condition holds, any contract or menu of contracts
would be so heavily adversely selected that it cannot earn positive
profits

Provides a theory of rejections as market segments (i.e. values of X )
for which the No-Trade Condition holds

No Trade Condition generalizes intuition in Akerlof (1970)

Akerlof (1970) finds that a market for a specific contract can unravel if
the demand curve falls everywhere below the average cost curve

I derive conditions under which any contract (or menu of contracts)
would unravel

Allow for variable premiums and deductibles
Previous literature has argued trade must always occur in these settings
(Riley 1979, Chade and Schlee 2011)
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Perpetual Risks and Thick Upper Tails

No trade requires people to be unwilling to subsidize worse risks

Naturally requires perpetual existence of worse risks
Otherwise highest risk, p̄, can receive full insurance,
cL = cNL = w − p̄l

Corollary
Suppose the No Trade condition holds. Then, F (p) < 1 ∀p < 1.

Empirically relevant?
Does not require any mass at p = 1 (robustness/approximation)
Can be relaxed if each contract must attract non-trivial fraction of
types

Perpetual Risks
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Finite Contracts

Suppose each distinct allocation must attract a non-zero fraction
α > 0 of the market.

Allocations take form A = ∪N
i=1Ai , Ai =

(
c i

L, c i
NL
)
and

µ
(
p| (cL (p) , cNL (p)) =

(
c i

L, c i
NL
))
≥ α

where µ is the measure implied by F (p)
Then, no trade iff

p
1− p

u′ (W − L)
u′ (W )

≤ E [P |P ≥ p]
1− E [P |P ≥ p]

∀p ≤ F−1 (1− α) , p ∈ Ψ\ {1}

Unraveling Intuition: “Thick upper tails” increase E [P |P ≥ p] and
make no trade more likely
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Metric #1: Minimum Pooled Price Ratio

The No Trade Condition holds iff

u′ (w − l)
u′ (w)

≤

T (p)="Pooled Price Ratio"︷ ︸︸ ︷
E [P |P ≥ p]

1− E [P |P ≥ p]
1− p

p ∀p ∈ Ψ\ {1}

⇐⇒ u′ (w − l)
u′ (w)

≤ inf
p∈Ψ\{1}

T (p) = "Min. Pooled Price Ratio"

u′(w−l)
u′(w)

− 1 is highest markup on premiums individual would pay
infp∈Ψ\{1} T (p)− 1 is the implicit tax rate imposed by private
information

Comparative Static: Higher values of Minimum Pooled Price Ratio
more likely to lead to no trade
Quantification of barrier to trade: infp∈Ψ\{1} T (p)− 1

High Risk
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Metric #2: Magnitude of Private Information

Will be helpful to have a second metric

Definition
The magnitude of private information, m (p), is given by

m (p) = E [P |P ≥ p]− p

No Trade Condition written as

u′ (w − l)
u′ (w)

≤ p + m (p)
1− p −m (p)

1− p
p ∀p ∈ Ψ\ {1}

Comparative Static: Higher values of m (p) ∀p more likely to lead
to no trade
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Recap: Testable Predictions of the Model

Comparative Statics: What properties of F (p) makes no trade
more likely?

Qualitatively, thicker upper tails of F (p)
Quantitatively, no trade more likely for

Higher values of minimum pooled price ratio, infp∈Ψ\{1} T (p)
Higher values of m (p) ∀p

Quantification: Minimum pooled price ratio also quantifies barrier to
trade imposed by private information

Tax rate equivalence
Empirical goals: Test comparative statics of model & quantify
minimum pooled price ratio for those who would and would not be
rejected
How to estimate properties of distribution of private information?

Previous approaches rely on revealed preference (more insurance ->
higher claims?)
But doesn’t work for those who would be rejected
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Empirical Methodology: Data

I devise an empirical strategy that relies on 4 pieces of data
1 Realizations of an event, L, commonly insured in a market setting

e.g. dying in the next 10 years

2 Subjective probability elicitation, Z , corresponding to L
e.g. “What is the probability (0-100%) that you will die in the next 10
years?”

3 Public Information, X , that would be used by insurance companies to
price contracts

4 Classification of X into ΘReject and ΘNoReject
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Using Subjective Probability Eliciations

Z may not express an agents’ true beliefs

I will provide two complementary treatments of these elicitations:

1 Nonparametric lower bounds using relatively weak assumptions

Test for presence of private information & comparative static

2 Add some structure to estimate distribution of private information,
F (p)

Construct an analogue of the minimum pooled price ratio
Test comparative static and quantify barrier to trade
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Approach 1: Nonparametric Lower Bounds

General idea: Agents behave as if they have beliefs P about the loss
L, but may not be able to express these beliefs on surveys

Savage (1954) axioms

Assumption 1: Elicitations contain no more information than true
beliefs

Pr {L|X ,Z ,P} = Pr {L|X ,P}

If Z contains information about L conditional on X , then so does P.

Implied by most notions of rational expectations

Test for Private Information: Is Z predictive of L, conditional on
X?
But no statement about magnitude of private information
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Unbiased Beliefs

Assumption 2: Beliefs are unbiased:

Pr {L|X ,P} = P

Standard implicit assumption in existing literature

Implied by most notions of rational expectations
Provides simple link between unobserved beliefs, P, and observed
realizations, L
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Construct Distribution of Predicted Values

The approach:
Consider the predicted loss given X and Z

PZ = Pr {L|X ,Z}

Note that we don’t require Z to be a number
True beliefs are a mean preserving spread of the predicted values, PZ

PZ = E [P |X ,Z ]

Predictive power of Z provides natural measure of amount of private
information
How do we measure this?

Plot distribution of PZ (more dispersed for the rejected?)
Measure predictive power of Z using dispersion metric derived from the
theory
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Plot distribution of PZ (more dispersed for the rejected?)
Measure predictive power of Z using dispersion metric derived from the
theory
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Lower Bound on Average Magnitude of Private Information

Recall m (p) = E [P |P ≥ p]− p: Difference between p and average
probability of everyone worse than p

Consider E [m (P)]: Average difference between one’s own probability
and the probability for worse risks

A measure of dispersion of P

Construct analogue E [mZ (PZ ) |X ] by everywhere replacing P with
PZ :

Step 1: Construct mZ (p) for any p,

mZ (p) = E [PZ |PZ ≥ p,X ]− p

Step 2: Average over p, w.r.t. PZ , constructing E [mZ (PZ ) |X ]

Generates lower bounds

E [mZ (PZ ) |X ] ≤ E [m (P) |X ]
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Empirical Tests

Conduct two tests with assumptions so far:

1 Test for presence of private information

Are the subjective probabilities predictive of the loss?

2 Test (in spirit) of comparative static

More dispersed PZ for rejected?
Higher values of E [mZ (PZ ) |X ]

∆Z = E
[
mZ (PZ ) |X ∈ ΘReject

]
− E

[
mZ (PZ ) |X ∈ ΘNoReject

]
> 0

Tests theory with few assumptions about Z

Imposed no restrictions on fZ |P (Z |P)

But has potential limitations

Comparisons with lower bounds (E [mZ (PZ )] not E [m (P)])
Comparative static using E [m (P)], not m (p) ∀p
Can’t quantify minimum pooled price ratio

Lower Bounds
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Approach 2: Semiparametric Estimate of F (p)

Add parametric assumption to fZ |P (Z |P) = fZ |P (Z |P; θ) to reduce
dimensionality

Will discuss specification in detail after discussing the elicitation data

Expand observed density (cond’l on X = x)

fZ ,L (Z , L) =
∫

fZ ,L (Z , L|p) fP (p) dp

=
∫

Pr {L|Z ,P = p}L (1− Pr {L|Z ,P = p})1−L ∗

∗fZ |P (Z |P = p; θ) fP (p) dp

=
∫

pL (1− p)1−L fZ |P (Z |P; θ)︸ ︷︷ ︸
Parametric

fP (p)︸ ︷︷ ︸
Flexible

dp

Flexibly approximate fp (p) and estimate fp and θ using MLE
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Translate to Minimum Pooled Price Ratio

Given estimates of fP , construct T (p)

T (p) = E [P |P ≥ p]
1− E [P |P ≥ p]

1− p
p

Use fP to construct E [P |P ≥ p] at each p
Faces extremal quantile estimation problem for high values of p
Prevents estimation of T (p) for upper quantile values of p

Estimate T (p) for p ≤ F−1 (τ) for fixed upper quantile τ

Construct infp∈[0,F−1(τ)] T (p)
Assess robustness to choice of τ

Reason for restriction is primarily statistical limitations

Economic rationale: infp∈[0,F−1(τ)] T (p) characterizes barrier to trade
if firms must attract at least fraction 1− τ of population to a contract

Inf Link
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if firms must attract at least fraction 1− τ of population to a contract

Inf Link
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Empirical Summary

Summary of Empirical Approach
1 Estimate predicted values PZ = Pr {L|X ,Z}

Test for presence of private information
Test comparative static

Dispersion of PZ
Comparison of lower bounds, E [mZ (PZ ) |X ])

2 Make parametric assumption on fZ |P (Z |P) and estimate distribution
fP (p)

Qualitatively, look for “thick upper tails”
Quantify minimum pooled price ratio, infp∈[0,F−1(τ)] T (p)

Test comparative static
Assess magnitude - large/small enough?
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Setting and Data

Apply the approach to three non-group market settings: Long-term care,
Disability, and Life

Use data from Health and Retirement Study (1993-2008)

Survey asks subjective probability elicitations

LTC: “What is percent chance (0-100) that you will move to a nursing
home in the next five years?”
Disability: “[What is the percent chance] that your health will limit
your work activity during the next 10 years?”
Life: “What is the percent chance that you will live to be AGE or
more?” (where AGE ∈ {75, 80, 85, 90, 95, 100} is respondent-specific
chosen to be 10-15 years from interview date)

Panel allows us to construct corresponding realizations, L
Empirical methodology will ask: what are the barriers to trade
imposed by private information for obtaining insurance against these
events?
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Subjective Probability Histograms
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Classification of Rejections

Not everyone can purchase insurance in these three markets
Comprehensive review of underwriting guidelines and interviews with
underwriters provides conditions which would lead to rejection

LTC: ADL restrictions, past stroke, previous care, over age 80
Disability: Back condition, psychological condition, obesity
Life: Cancer, past stroke

There are additional conditions, but barriers to constructing this
match

HRS sometimes too “coarse” relative to rejection conditions

Construct “Uncertain” group

Allows confidence in “Reject” and “No Reject” groups Classification
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Public Information

Control for all X variables that would be used in pricing contracts

HRS can closely approximate the information currently used in pricing

LTC: Finkelstein and McGarry (2006)
Life: He (2008)

Assume similar information would be used for those currently rejected
Paper provides extensive robustness to controls Public Information

Age and Gender only
Price controls
Extensive controls
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Sample Selection

Start with all years of the HRS (1993-2008)

Need to observe L corresponding to elicitation Z

e.g. observe 10+ years for Life setting
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Summary Statistics
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Lower Bound Specification

Approximate PZ = Pr {L|X ,Z} with probit

Pr {L|X ,Z} = Φ (βX + Γ (age,Z ))

How predictive is Z of L conditional on X?
First, plot distribution of residuals, PZ − Pr {L|X}

More dispersed for the rejected vs. not rejected?

Lower Bound Specification
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Distribution of Predicted Values PZ − E [PZ |X ]
Subjective Probabilities More Explanatory for the Reject Group
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Lower Bounds - Specification

Use PZ to construct the lower bounds, E [mZ (PZ ) |X ]

Construct

∆Z = E
[
mZ (PZ ) |X ∈ ΘReject

]
− E

[
mZ (PZ ) |X ∈ ΘNoReject

]
Test ∆Z > 0

Aggregation
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Lower Bound Results

Robustness Subgroups
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Lower Bounds - LTC by Age

Not Rejected Based On Age Rejected Based On Age
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Estimation of Distribution

Make a parametric assumption on f (Z |P)

Assume Z drawn from a mixture of censored normal and ordered
probit:

Non-focal respondents: Fraction (1− λ) responds with censored
normal distribution with mean P + α and variance σ2

Focal point respondents: Fraction λ respond with ordered probit (0, 50,
100) with mean P + α and variance σ2, and focal window κ ∈ [0, 0.5].

Flexibly approximate fP (p|X ) using mixtures of beta distributions

Index assumption: f (p|X ) = f (p|Pr {L|X}) to aggregate across X
Present results for f (p|Pr {L|X} = Pr {L})

Results similar across values of the index, Pr {L|X}

Qualitative tests of theory:

Thick upper tails
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Distribution of Private Information - LTC
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Distribution of Private Information - Life
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Minimum Pooled Price Ratio - Specification

Theory Link

Estimate analogue to minimum pooled price ratio:

inf
p∈[0,F−1(τ)]

T (p)

Preferred value is τ = 0.8

Provides sufficient effective sample for E [P |P ≥ p]
Similar results for τ = 0.7 and τ = 0.9

Test:

Comparative Static: Higher values for the rejected
Quantification: How big are the implied tax rates?

How much would agents need to be willing to pay for trade?
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Tax Rate Equivalence - Results

Robustness
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Consistent with Plausible Values of WTP

What is a plausible willingness to pay?
Existing estimates/calibrations of u′(w−l)

u′(w)
:

LTC: 26-62% (Brown and Finkelstein, 2008)
Disability: 46-109% (Bound et al., 2004)

Direct Calibration: Assume u (c) = c1−σ

1−σ and l = γw

If γ = 10% and σ = 3, then u′(w−l)
u′(w)

− 1 = 0.372
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Annuities

Results suggest asymmetric pattern of private information:
One way to be healthy, but many observable ways to be sick
Explains not only why high risk are rejected
But also explains:

Rejections of high risks in health insurance?
Why no rejections in Annuity markets

Few people know they drank from the fountain of youth
Rothschild and Stiglitz (1976): Highest risk type undistorted
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1 Theory

2 Comparative Statics / Measures of Private Information

3 Empirical Methodology

4 Setting and Data

5 Specification and Results

6 Conclusion
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Conclusion

Results suggest private information can shut down insurance markets

Developed and tested a theory in which private information can cause
rejections
Developed new empirical methodology for studying private information
that doesn’t require a market to exist
Found evidence supportive of the theory in 3 non-group insurance
markets: LTC, Life, and Disability

One way to be healthy, many (unobservable) ways to be sick
Also explains absence of rejections in annuities
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7 Appendix
Theory Appendix
Rejections Summary Statistics
Public Information Specifications
Lower Bound Construction
Lower Bound Robustness
Lower Bound - Subgroups
Minimum Pooled Price Ratio Robustness
Pooled Price Ratio
Elicitation Error Parameters
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Insurance Rejections
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Example: Uniform Distribution

Suppose F (p) = p

Then,
E [P |P ≥ p] = 1+ p

2
The No Trade Condition is

p
1− p

u′ (W − L)
u′ (W )

≤ 1+ p
1− p ∀p ∈ [0, 1)

Equivalently,
u′ (W − L)

u′ (W )
≤ 1+ p

p ∀p ∈ [0, 1)

Or,
u′ (W − L)

u′ (W )
≤ 2

No trade unless WTP 100% tax for insurance

Return to Theory Return to Empirical Approach Return to Empirical Results
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Perpetual Risks and Thick Upper Tails

No trade requires people to be unwilling to subsidize worse risks

Naturally requires perpetual existence of worse risks
Otherwise highest risk, p̄, can receive full insurance,
cL = cNL = w − p̄l

Corollary
Suppose the No Trade condition holds. Then, F (p) < 1 ∀p < 1.

Empirically relevant?
Does not require any mass at p = 1 (robustness/approximation)
Can be relaxed if each contract must attract non-trivial fraction of
types

Unraveling Intuition: “Thick upper tails” increase E [P |P ≥ p] and
make no trade more likely
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Finite Contracts

Suppose each distinct allocation must attract a non-zero fraction
α > 0 of the market.

Allocations take form A = ∪N
i=1Ai , Ai =

(
c i

L, c i
NL
)
and

µ
(
p| (cL (p) , cNL (p)) =

(
c i

L, c i
NL
))
≥ α

where µ is the measure implied by F (p)
Then, no trade iff

p
1− p

u′ (W − L)
u′ (W )

≤ E [P |P ≥ p]
1− E [P |P ≥ p]

∀p ≤ F−1 (1− α) , p ∈ Ψ\ {1}
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Rejecting the Observably High Risk

Return to Theory

It is often the observably high (mean) risk who are rejected

Model provides a qualitative explanation if distributions ordered
according to common stochastic orderings

Let P1 and P2 be two r.v. representing two risk populations
Suppose P1 and P2 are can be ordered according to the hazard rate
ordering
Then,

E [P1] ≤ E [P2] =⇒ inf
p∈Ψ\{1}

T1 (p) ≤ inf
p∈Ψ\{1}

T2 (p)

Distributions with higher mean loss impose larger barrier to trade
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Validity of Lower Bound Test
Return

When do higher values of E [m (P)] imply higher values of m (p) ∀p?
OK if normal with common mean
OK if increasing upper-tail skewness

How does E [m (P)] relate to infp T (p)?

infp T (p)≤1+ E [m(P)]
E [P(1−P)]−E [m(P)]Pr{L}−E [(P−Pr{L})m(P)]

When do higher values of E [mZ (PZ )] imply higher values of
E [m (P)]?

Suppose agents report true beliefs with probability λ (otherwise noise)
Then

E [mZ (PZ )] = λE [m (P)]

so that similar values of λ ensure valid comparisons
“No differential impact of measurement error”
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Summary Statistics of Rejections - LTC

Return
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Summary Statistics of Rejections - Disability

Return
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Summary Statistics of Rejections - Life

Return
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Public Information - LTC

Return
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Public Information - Disability

Return
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Public Information - Life

Return
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Approximation of PZ

Return

We approximate PZ

Pr {L|X ,Z} = Φ (βX + Γ (age,Z ))

where Γ (age,Z ) is approximated using an interaction of linear
function of age and second-order chebyshev polynomials in Z , along
with focal indicators at 0, 50 and 100.
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Estimation of Lower Bound

Return

Given PZ , we estimate its distribution by assuming

PZ − E [PZ |X ] = Pr {L|X ,Z} − Pr {L|X}

has the same distribution conditional on age.
We then estimate mZ (p) for every age group (for every p) and then
average over the values of PZ .
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Lower Bounds - LTC

Return
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Lower Bounds - Disability

Return
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Lower Bounds - Life

Return

Nathaniel Hendren (Harvard and NBER) Private Info and Insurance Rejections March, 2013 62 / 45



Lower Bounds - Sample Selection

Return

Nathaniel Hendren (Harvard and NBER) Private Info and Insurance Rejections March, 2013 63 / 45



Lower Bounds - Organ Controls (Life)

Return
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Lower Bounds - LTC by Age
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Lower Bounds - Disability by Age & Gender
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Lower Bounds - Life by Age
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Minimum Pooled Price Ratio - LTC

Return
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Minimum Pooled Price Ratio - Disability

Return
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Minimum Pooled Price Ratio - Life

Return
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Pooled Price Ratio - LTC
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Pooled Price Ratio - Disability
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Pooled Price Ratio - Life

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1

1.2

1.4

1.6

1.8

2

2.2

2.4

2.6

2.8

3

Probability of Loss

P
o

o
le

d
 P

ri
c
e
 R

a
ti

o

Pooled Price Ratio
Life

 

 

No Reject

95% CI

Reject

95% CI

Return to F(p)

Nathaniel Hendren (Harvard and NBER) Private Info and Insurance Rejections March, 2013 73 / 45



Elicitation Error Parameters
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