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Preview of Our Findings

• Huge differences in causal mortality effects across Medicare 
Advantage insurance plans

• Consumers respond weakly to these differences

This is a problem: why should insurers invest in making people 
healthier? 
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Three Empirical Challenges

To measure plan mortality effects:

1) Consumers of different health sort non-randomly into plans

2) RCTs and individual quasi-experiments are underpowered to 
estimate mortality effects for each plan

To measure consumer responsiveness:

3) Hard to estimate demand for an unobservable (plan quality)
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Our Solutions

We address selection and power by combining observational 
estimates with many quasi-experiments (plan terminations)

• We formalize how IV can be used to relate causal effects 
to observational measures, allowing for selection bias

• We extend this approach to measure other correlates of 
plan mortality effects (e.g. star ratings, spending…)

We show how consumer willingness to pay can be estimated 
by combining our IV framework with discrete choice modeling
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Literature Focuses on Financial Aspects

• Within networks (Handel and Kolstad 2016, Abaluck and Gruber 
2016, Bhargava, Loewenstein and Sydnor 2017,…)

• Argue outcome proxies (e.g. hospital quality) don’t change 
(Gruber and McKnight 2016)

• GE impact on premiums or coverage generosity (Handel 2013, 
Ho & Scott Morton 2017, Starc and Town 2019, …) 

We’ll show in MA that outcome differences are first-order

Revealed preference (e.g. Ho and Lee 2019, Gruber, Handel, Kina 
and Kolstad 2020) is better than nothing, but far from perfect
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Our Setting: Medicare Advantage (MA)

Beneficiaries choose from subsidized private-managed care 
plans (around 30 per county, on average)

• Highly differentiated: premiums, benefits (including 
prescription drug coverage), spending (medical loss 
ratios), networks (doctors and hospitals)…

• Ranked by CMS star ratings (no mortality information)

We study the universe of Medicare beneficiaries

• Demographics, enrollment, and mortality (no claims)
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Plan for Today

1. Constructing observational mortality

2. Identifying quasi-experimental variation

3. Econometric framework

4. Main results

5. Mechanisms, willingness to pay, and simulations
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Constructing Observational Mortality

We estimate mortality rates of plans within markets, among 
observably similar beneficiaries, accounting for statistical noise

𝑌𝑖𝑡 =
𝑗=1

𝐽

𝜇𝑗𝐷𝑖𝑗𝑡 +𝑋𝑖𝑡
′ 𝛾 + ν𝑖𝑡 ,

𝑌𝑖𝑡:  one-year mortality of individual 𝑖 in year 𝑡,

𝐷𝑖𝑗𝑡 = 1 if 𝑖 starts year 𝑡 enrolled in plan 𝑗, 

𝑋𝑖𝑡: vector of basic individual controls (age, race, sex, dual-
eligible status) and county + year fixed effects

ν𝑖𝑡: regression residual

𝜇𝑗: observational mortality (shrunk by empirical Bayes)
8



Variation in Plan Observational Mortality
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Quasi-Experimental Choice Set Variation 
from MA Plan Terminations

2008 law led to the unexpected exit of private-fee-for-service plans 
from 2009-2011 (Pelech 2018, Duggan, Gruber and Vabson 2018) 

We leverage the interaction of all plan terminations and inertia

• Absent terminations, beneficiaries enrolled in high- and low-
mortality plans tend to stay there

• After terminations, consumers tend to regress to the mean
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Observational Mortality of Chosen Plans: 
Terminated and Non-Terminated Plans
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Observational Mortality of Chosen Plans: 
Terminated and Non-Terminated Plans
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Measure of Plan Quality



Actual Mortality of Plan Beneficiaries: 
Terminated and Non-Terminated Plans
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Actual Mortality of Plan Beneficiaries: 
Terminated and Non-Terminated Plans
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Realized Mortality

Diff-in-Diff Version



Goal: MA Plan Forecast Regressions

𝑌𝑖𝑗: potential mortality outcome for individual i if in plan j

If we randomized people to plans, we could estimate quality:

𝛽𝑗 = 𝐸 𝑌𝑖𝑗 .

Imagine regressing (unknown) 𝛽𝑗 on (observed) 𝜇𝑗:

𝛽𝑗 = 𝜆𝜇𝑗 + 𝜂𝑗

Goal: recover 𝜆 (“forecast coefficient”) from an IV regression.
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IV Framework

𝛽𝑗 = 𝜆𝜇𝑗 + 𝜂𝑗

𝑌𝑖𝑡 = 𝛽𝑗(𝑖𝑡) + 𝑋𝑖𝑡𝛾 + ε𝑖𝑡

Second Stage:

𝑌𝑖𝑡 = 𝜆𝜇𝑗(𝑖𝑡) + 𝑋𝑖𝑡𝛾 + ε𝑖𝑡 + 𝜂𝑗(𝑖𝑡)

Instrument enrolled plan observational mortality 𝜇𝑗(𝑖𝑡) with the 

interaction 𝑍𝑖𝑡 = 𝜇𝑗(𝑖,𝑡−1) × 𝑇𝑖,𝑡−1

• 𝑇𝑖,𝑡−1 = 1 if 𝑖 is enrolled in a plan that terminates in 𝑡 − 1

• Also control for 𝜇𝑗(𝑖,𝑡−1) and 𝑇𝑖,𝑡−1 main effects
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Realized Mortality

New error term!



Exclusion: Similar Beneficiaries in 
Terminated and Non-Terminated Plans

Balance: Predicted Mortality Reduced Form
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A New “Fallback Condition”

Random assignment of terminations is not sufficient to get 𝜆

• Need “fallback” plans following termination to be 
“typical,” given observational mortality

In the paper, we give a general class of discrete choice models 
where this holds and develop balance tests

This fallback condition is generally needed for IV validation of 
“value-added” models (of, e.g., teachers, schools, hospitals…)
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Fallback: Beneficiaries in Terminated Plans 
Have “Typical” Second-Choice Plans

Balance: Forecast Residual Reduced Form
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The IV Forecast Coefficient Is Near one

Notes: County-clustered standard errors in parentheses 
Robustness
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What Does This Mean?

Observational mortality reliably predicts true mortality effects
(doesn’t mean there’s no selection bias!)

Variation in true effects 𝛽𝑗 is at least as large as in observed 𝜇𝑗

• Magnitude: 1 sd = a 19% reduction in one-year mortality

Compare to:

• Extensive margin: 15-20% mortality from insurance (Card, Dobkin and 
Maestas 2008; Miller, Altekruse, Johnson and Wherry 2019; Sommers, 
Gawande and Baicker 2017) 

• Place-based: moving from 10th-90th perc -> 30% mortality reduction 
(Finkelstein, Gentzkow and Williams 2019, Deryugina and Molitor 2018)

• Hospital effects: 1 sd = 20% lower mortality (Hull (2020) for emergency 
room patients; we replicate with all inpatients)
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Mechanisms: Other Plan Attributes & 
Causal Mortality Effects
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Notes: County-clustered standard errors in parentheses 

OLS Estimates
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WTP for Plan Quality is Positive, But Low

Notes: County-clustered standard errors in parentheses 

Calculation Details
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Large Potential Mortality Reductions from 
Better Aligning Quality and Plan Choice

Note: partial equilibrium analysis, so many caveats may apply (e.g. 
capacity constraints, insurer exit/entry, market disruption effects…) 

Simulation Details



Conclusions

There is significant variation in the mortality effects of MA 
plans, but consumers are mostly insensitive to this variation

Potential policy responses (my co-authors each hate one):

• Release risk-adjusted mortality rates, like with hospitals

• Subsidize risk-adjusted mortality instead of star ratings

• Audit bad plans and possibly remove them

• Integrate health insurance and life insurance

Frontier: linking plan outcomes to provider outcomes, GE 
responses, consequences for innovation and tech adoption
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Most Counties See an MA Termination
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Observational Mortality of Chosen Plans:
Pre- and Post-Termination



Observational Mortality of Chosen Plans:
Pre- and Post-Termination

Measure of Plan Quality



Actual Mortality of Plan Beneficiaries:
Pre- and Post-Termination



Actual Mortality of Plan Beneficiaries:
Pre- and Post-Termination

Realized Mortality
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Exclusion: Similar Risk Scores in 
Terminated and Non-Terminated Plans
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Robustness Checks

• Exclude counties w/o terminations

• Exclude beneficiaries in TM

• Limit to PFFS terminations 

• E.g. Pelech (2018)

• Exclude Dual Eligibles

• Allow for heterogeneity by age
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Mechanisms: Other Plan Attributes & 
Observational Mortality
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Estimating Demand for Mortality Effects

In a standard discrete choice model, can invert market shares 
to recover mean utility: ln 𝑠𝑗 − ln(𝑠0) = 𝛿𝑗 = 𝛼𝑝𝑗 + 𝜏 𝛽𝑗 + 𝜓𝑗

• Challenge: 𝛽𝑗 is unobserved and maybe correlated with 𝑝𝑗

Given a price elasticity (and implied α), we can our forecast IV 
framework to implicitly regress 𝛽𝑗 on 𝛿𝑗 − 𝛼𝑝𝑗 = 𝜏 𝛽𝑗 + 𝜓𝑗

• Reversing this regression with our lower bound on 𝑉𝑎𝑟 𝛽𝑗
allow us to bound the utility coefficient 𝜏

• Together with 𝛼, we obtain the implicit willingness to pay for 
a one percentage point decrease in plan mortality effects
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Simulations

What happens if we assign everyone to the best plan in their 
choice set? 

• No capacity constraints, partial equilibrium

Be careful, might naively think we can compute:

𝜆(𝜇𝑐𝑢𝑟𝑟 −min
𝑗

𝜇𝑗)

This is wrong: 

𝐸 𝛽𝑗|𝜇𝑗 = 𝜆𝑗𝜇𝑗

𝐸 𝜇𝑗|min
𝑗

𝜇𝑗 ≠ 𝜆𝑗min
𝑗

𝜇𝑗



Simulations

We need to account for the fact that even the shrunken 
observational measure is noisy

1. Simulate noisy Ƹ𝜇𝑗 = 𝜇𝑗 + 𝑒𝑗 and empirical Bayes posterior 𝑢𝑗

2. Identify the smallest 𝑢𝑗min in each market

3. Compute 𝜆(𝜇𝑐𝑢𝑟𝑟 − 𝜇𝑗𝑚𝑖𝑛 𝑖 ), the predicted change in 

mortality from redirecting consumers
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