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Overview of lecture

We are going to go through three papers in some detail that explore 
aspects of geographic variation in care

• Chandra and Staiger (2007) uses a Roy model to generate regional 
variation in intensive treatment and shows that this may not be an 
inefficient outcome

• Doyle (2011) uses people who experience a health shock while away 
from home to explore the value of intensive treatment among 
persons a given health care system “was not designed for.”

• Callison, Kaestner, Ward (2017) use a model of physician agency 
and the discontinuity in prices associated with Medicare eligibility to 
test for the presence and strength of supply-side inducement.



Chandra and Staiger (2007)

“Productivity in Health Care: Evidence from the Treatment of Heart Attacks” -
Journal of Political Economy

Critique “flat of the curve”/diminishing return argument a few ways:

• Requires appeal to supplier-induced demand/area practice norms. But 
how did differences initially arise if people are similar? 

• If true, still suggests positive relationship between excess treatment 
and outcomes unless all provision is at zero or negative MB.

• Predicts that MR to aggressive treatment will be lower in high-treatment 
areas. Data suggests otherwise (growth in AMI treatment intensity in 
U.S. versus Canada)



Theoretical Model I

They present a Roy model of patient treatment choice to explain geographic 
variation in aggressive treatment through productivity spillovers.

Mechanisms through which such externalities can be generated:

• Physician learning from peers (Meltzer (2006) RCT, hospitalists 
disseminate generalizable skills across specialists)

• Infrastructure / support services in hospitals (cath labs, cardiac care units, 
high-quality nursing staff) generate economies of scale for certain 
treatment delivery, treatments more likely to be relied upon by physicians

• Physician self-selection into areas (this mechanism is distinct in terms of 
welfare since physician sorting into one area affects other areas directly)



Theoretical Model II

Sketch of formal model (Using lecture notes notation. Note: ∃ typos in there):

• Patient chooses between low- and high-intensity treatment (𝑖 ∈ {1, 2}) 
based on the probability of survival (𝑆𝑖) and the cost of each (𝐶𝑖) 
conditional on her patient characteristics (𝑍).

• Probability of survival and cost both depend on 𝑍, but also on proportion 
of population, 𝑃𝑖, receiving each treatment (high-intensity: 𝑃2, low: 1 − 𝑃2). 
These are linear functions, 𝑆𝑖 = 𝛽𝑖

𝑆𝑍 + 𝛼𝑖
𝑆𝑃𝑖 + 𝑒𝑖

𝑆 (analogous for 𝐶𝑖).

• Indirect Utility (using notation in lecture notes): 𝑈𝑖= 𝑆𝑖 − 𝜆𝐶𝑖. 

• What is 𝜆?

• Shadow cost of life / survival per dollar. Weights cost relative to benefit.

• What does insurance do to 𝜆 and utilization?



Theoretical Model III

Sketch of formal model (continued):

• Indirect utility difference between treatment 2 and 1:

• Δ𝑈 = 𝜋𝑍 + 𝛼𝑃2 − 𝛼1 + 𝑢

• What happens to difference in utility as more individuals choose high-
intensity treatment?

• Utility diff more positive for every individual. 𝛼𝑃2 is “spillover.”

• Probability of receiving treatment: Pr Δ𝑈 > 0 = Pr 𝜋𝑍 + 𝛼𝑃2 − 𝛼1 > 𝑢 .

• Market demand for treatment, then, hinges on 𝑃2. Equilibrium is 

𝑃2 = ∫𝑍 Pr 𝜋𝑍 + 𝛼𝑃2 − 𝛼1 > 𝑢 𝑓 𝑍 𝑑𝑍 = 𝐺(𝑃2). 



Theoretical Model IV

Implications of model:

• Multiple equilibria are possible. Area with a given distribution of patients 
can end up with high or low levels  of high-intensity treatment utilization. 

Startling implication! 

Areas with nearly 

identical distributions 

of patients could end 

up with very diff 

treatment intensity due 

small diffs in initial 

conditions.



Theoretical Model V

Implications of model:

• Differences in patient characteristics (suitability for treatment) will magnify 
diffs in treatment probability through dynamic aspect of spillovers. 



Theoretical Model VI

Implications of model (similar to other Roy models):

• Returns to high-intensity treatment increasing in suitability for treatment. 
(As spillover increases, MB increasing and MC decreasing simultaneously).

• Opposite is true for low-intensity treatment. 

• Thus, in high-intensity specializing areas:

• Most appropriate (high Z) are better off. Less appropriate are worse off.

• Marginal patient in area will be less appropriate than in other areas.

• TOT will be higher in high-intensity treatment area

• “Overprovision” of treatment not necessarily inefficient overall. Average 
benefits may be higher in either area



Theoretical Model VII

So this model can generate outcomes consistent with empirical facts:

• Substantial diffs in utilization across areas unrelated to patient outcomes

• Negative relationship between surgical intensity / condition management

• Large returns to intensive treatment in high-treatment-intensity areas

However, model depends on (strong) “proportion treated” assumption. 

• Drives prediction that marginal patient will differ across areas.

• Implies specialization must help most appropriate but must also harm least 
appropriate. 

Does this make sense? Results wouldn’t obtain if number treated drove 
gains. More populous areas would be strictly better at both treatments. 



Empirical Analysis I

• Follow Dartmouth Atlas in defining HRRs as local health care markets

• Use cardiac catheterization vs. drugs (thrombolytic therapy) for AMI

• Use beta-blockers (should be administered in tandem with either therapy) 
as measure of the quality of non-intensive care in area

• Estimate Outcome𝑖𝑗𝑘 = 𝛽0𝑘 + 𝛽1𝑘Intensive Treatment𝑖 + X𝑖Π𝐾 + 𝑢𝑖𝑗𝑘.

• But Intensive Treatment𝑖 is endogenous (healthier patients cathed more 
often, die less often). 

• Instrument with difference between distance to nearest catheterization 
hospital and distance to nearest non-catheterization hospital. (Implicit idea 
is that you have to hurry up and get treatment when you have an AMI.)



Empirical Analysis II

Sample B stratifies by 
cath propensity (Z):

Large increase in 1-yr 
survival for more 
appropriate patients 
treated w/high 
intensity (cath). 

No difference in 
survival for less 
appropriate patients.

Less appropriate 
patients cost a lot 
more to cath.



Empirical Analysis III

Now stratify by high 
and low cath HRRs:

Large increase in 
survival among 
patients cathed in 
high-intensity HRRs.

Much smaller increase 
among patients cathed
in low-intensity HRRs.

Big cost differences 
between areas but 
smaller than by cath
propensity



Chandra and Staiger takeaways

• “Flat of the curve” argument not well-suited to explain some empirical facts

• Intensive treatment is effective for appropriate patient type

• Theories involving spillovers can help explain geographical variation in a 
plausible way

Shortcomings of theory as explanation for observed patterns of variation:

• Relies heavily on proportional relationship to generate treatment spillovers

• Doesn’t do as well in explaining, for example, variation in simple, cheap, 
treatments (beta blockers), or supply-sensitive care (more available beds 
positively correlated with longer hospital stays)



Doyle (2011)

“Returns to Local-Area Health Care Spending: Evidence from Health Shocks 
to Patients Far From Home” – AEJ Applied Economics

• Wants to test relationship between spending variation between areas and 
outcomes

• Recognizes potential endogeneity between area treatment practices and 
patient populations

• Attempts to address by looking at people treated in health care systems 
“that were not designed for them.” Uses visitors to Florida that have 
medical emergency. 



Background / Empirical Setup I

What’s good about Florida?

• ~100 million visitors per year

• Attractions for people across wide age ranges (Disney, beaches, cruises, 
baseball, etc.).

• Data has 37,000 heart emergencies among visitors over 8 years.

• Lots of variation in spending.



Background / Empirical Setup II

Data:

Universe of Florida hospital admissions from 1996-2003

• Has age, race, sex, home zip for patients. Visitor = out-of-state zip code

• Procedure & diagnosis codes, primary payer, day of week, quarter of year

• Uses individuals with admission type=emergency

• Defines markets as HSA (Hospital Service Area, another Dartmouth Atlas-
generated measure). Usually one or two hospitals, smaller than HRR.

• Main regressor is log end-of-life-spending, calculated among local 
residents admitted as emergencies and who died inpatient. Weights this by 
the share of visitors who go to each hospital in sample period.



Background / Empirical Setup III

HSA (hospital service area) is a 
smaller “market” generated by 
Dartmouth Atlas researchers 
(usually 1 to 2 hospitals)

Fig 1: HSA-level end of life 
spending on locals

• Low quartile avg is ~$9k 

• Top quartile avg is ~$15k



Descriptive Statistics

Locals / visitors by 

spending quartile.

What’s

noteworthy?

• Only diffs in 

visitor mortality 

corr w/spending

• But many other 

measures 

correlated for 

both (White, 

age, insur,…)

• Good? Bad?



Regression Model

Regresses inpatient mortality on the spending measure, individual 
covariates (and some interactions), home zip-code characteristics, county 
“per diem” rate, home state FEs & year FEs: 

𝑀𝑖 = 𝛽0 + 𝛽1𝑻𝑔(𝑖) + 𝛽2𝑿𝑖 + 𝛽3𝑾𝑧(𝑖) + 𝛽4𝑷𝑐(𝑖) + 𝛉𝑠(𝑖) + 𝛅𝑡(𝑖) + 휀𝑖 .

Why inpatient mortality instead of longer-term measure (30-day or 1-year)?

• Home health-care systems likely to play a meaningful role in longer 
term outcomes. 



Results I
Columns (1), (2) regress 

patient’s own costs on her 

outcomes. What does this 

suggest?

Columns (3)-(6) use 

mean HSA EOL 

spending. What does this 

suggest?

Visitors columns (1), (2) 

look identical to locals.

What do columns (3)-(6) 

suggest for visitors?

Do visitor unobservables

seem important? 

Why/why not?



Results II

After main results, spends 

a LOT of time showing 

strong negative relationship 

is robust to many ways of  

cutting sample, etc.



Results III

Splits by cost of 

visiting an area 

(proxied by govt 

per diem rates for 

business travel). 

Estimates for 

places when and 

where there is 

baseball spring 

training!

See spending 

effects everywhere.



Results IV

Mechanisms: What is it about

spending that reduces mortality?

Table 5 generates OLS correlations

Panel A: End-of-life spending pos. 

correlated with spending on everything 

else. 2 SD increase in EOL spending 

(=.5)  => 50% incr in ICU spending

Panel B: 2 SD increase in EOL 

spending => 17% increase in

P[catherterization], => 50% increase in 

P[bypass]!



Doyle Takeaways

• Spending not strongly correlated with mortality for locals (empirical 

observation behind “flat of the curve” hypothesis). 

• Spending appears to strongly reduce mortality for visitors, at least for 

heart emergencies. 

• Doyle’s suggestion that health care systems are “designed” for local 

population may be important confounder in measuring this relationship.



Callison, Kaestner, Ward (2017)

“A Test of Supply-Side Explanations of Geographic Variation in Health 
Care Use” (2017)*

Motivation:

• Spending / utilization differences are well-documented 

• Distinguishing the extent to which these differences are related to 
demand or supply is difficult. 

• If differences are related to patient preferences / need, then 
spending variation is justifiable

• If unrelated to patient preferences / need (i.e. related to provider 
preferences), then much of spending may be wasteful.

* This paper grew directly out of discussions about this material in this course two years ago!



Estimating Demand-Driven Utilization

• Multiple papers add many covariates and look at how much 
these observables “explain” (Sutherland et al, 2009; Zuckerman 
et al, 2010; Rechovsky et al, 2013). Range of “explained” 
spending between 35% and 85%.

• Potential problem: covariates may be endogenous. Rechovsky
et al (2013) adds contemporaneous medical diagnosis codes 
and most unexplained spending goes away. But these codes 
are used for billing! Using lagged diagnoses explains much less 
future spending. 



Supply-Driven Theory / Estimates I

Supply side forces:

• Regional comparative advantage (Chandra and Staiger, 2007)

• Fragmented care (Agha, Frandsen, and Rebitzer, 2017)
• Use similar Roy model and Medicare movers. “Fragmentation” is 

inverse of market concentration. 1 SD increase in fragmentation 
associated with 10% increase in utilization (opposite relationship 
usually hypothesized)

• Defensive medicine / local vs national standards (Frakes, 2013)
• Focuses on variation in liability based on “standards of care.” Finds an 

area switching from requiring docs to follow “regional” to “national” 
standards of care associated with 30%-50% reduction in utilization 
disparities.



Supply-Driven Theory / Estimates II

• Regional practice styles (Molitor, 2016)
• Uses cardiologists who move (b/c we know there is variation in 

treatment, right?). Finds that shortly after move, diff between mover’s 
prior cath rate and prevailing cath rate in new area decreases by 2/3 
and doesn’t converge more over time. Suggests norms, not learning.

• Supply-sensitive care (Wennberg and Gittelsohn, 1973)
• Seminal work on geographic variation (area is Vermont). Finds hospital 

days for given condition vary as much as 50%; appendectomy rates 
vary by more than 250%. Observes positive correlations between these 
rates and supply of health-care-side inputs (hospital beds, surgeons).



Decomposition Using “Medicare Movers”

Finkelstein, Gentzkow, and Williams (2016) use a subset of Medicare 
beneficiaries who move across HRRs to distinguish demand and 
supply forces. 

• Estimate that patient preferences accounts for around 50% of log
spending (i.e. when a person moves to an HRR with 50% lower 
spending, person’s own spending declines by about 25%)

Novel idea explored thoroughly. What may still be problematic?

• Moves may be endogenous. Identification hinges on assumption 
they are not. “…we cannot allow for shocks to utilization that 
coincide exactly with the timing of the move and that are correlated 
with utilization in the origin and destination.”

Doyle (2011) spent half a paper trying to convince us that vacations
weren’t endogenous to utilization. Maybe above is a strong 
assumption?



What We Do

• Consider implications of a model of physician agency by 
McGuire (2000) where providers induce care according to the 
extent of their market power. 

• Assume that price-adjusted Medicare spending per beneficiary 
is positively correlated with provider preferences (“Dartmouth 
hypothesis”).

• Use the fact that individuals receive a medical care price shock 
(decrease) when they turn 65 and become eligible for Medicare. 

• Estimate a diff-in-diff model regressing utilization of uninsured 
near-elderly on spending measures before and after Medicare 
eligibility. 



McGuire (2000) model I

• Perfectly informed patients value money and the benefits of health
care. 

• Physicians maximize profit (wrt patient i) subject to budget constraint,
𝐿 = 𝑝𝑖𝑥𝑖 − 𝑐𝑥𝑖 + 𝜆 𝐵 𝑥𝑖 − 𝑝𝑖𝑥𝑖 + 𝑁𝐵𝑖 .

• “Market power” (𝑁𝐵𝑖 ≥ 0) is a component in budget constraint (could 
mean “patient really loves her doc” or “only doctor in town” or…).

• When consumer faces full cost, provider sets quantity at MB=MC 
and sets price to extract all surplus that 𝑁𝐵𝑖 allows.

• When prices are fixed, provider increases quantity to extract surplus 
(can do this because of “nonretradeability” of health care services).



Empirical Implications

• Uninsured near-elderly face full-price of care. Should be getting
care at MB=MC.

• Medicare (simplifying a bit) is premium-free insurance with a 
20% copay for government-administered prices. 

• Huge decrease in price (from 100% to 20%) affects all who 
become eligible. 

• On supply-side, prices become fixed. Must increase quantity to 
extract surplus according to market power. Suggests within-
person changes in utilization will vary according to level of 
market power (proxied for by per beneficiary spending).



Data

Health and Retirement Survey panel data from 1992-2014 with 
zip code of residence. 

• Follows respondents aged 50 or older with biennial surveys on
a variety of topics including health status, presence of a number 
of conditions, doc and hosp visits, medication, family status, 
work history, insurance status, income and wealth. 

• Main analysis uses uninsured at age 63 or 64. Yields about
1,000 people (most older people are insured).

Match individuals to HRRs using zip code crosswalk. Generate 
above- and below-median spending areas using Dartmouth Atlas 
data for each year (also generate and use terciles of spending). 



Empirical Approach I

We use this data to test McGuire (2000) hypothesis using DD model that 
interacts Medicare eligibility with living in a high-spending HRR:
𝑌𝑖𝑗𝑡 = 𝛼𝑖 + 𝛿𝑡 + 𝛽1𝑀𝑒𝑑𝑖𝑐𝑎𝑟𝑒𝑖𝑡 + 𝛽2 𝑀𝑒𝑑𝑖𝑐𝑎𝑟𝑒𝑖𝑡 × 𝐻𝑅𝑅_𝑆𝑝𝑒𝑛𝑑𝑗 + 𝑋𝑖𝑡𝜆 + 휀𝑖𝑗𝑡 .

𝛼𝑖 is person FE, 𝛿𝑡 are year FEs, 𝑋𝑖𝑡 is a vector of individual and county 
characteristics including sr-health, marital status, hh income & wealth, 
county unemployment & poverty rates. 

𝛽1 is the effect of gaining Medicare coverage (aging + price decrease).

𝛽2 is the coefficient of interest, the interaction between aging into Medicare 
coverage and residing in a high-spending HRR. This identifies the increase 
in utilization associated with your HRR of residence.

Outcomes include doc visits, hosp visits, outpatient surgery, prescriptions, 
presence of a new health condition



Empirical Approach II

Threats to identification:

• People may differ across regions (in descriptive stats, some evidence that 
they do). What do we do?

• Use individual FEs. Changes in utilization are relative to own prior utilization. 
If people are not differentially affected by Medicare eligibility in unobservable 
ways, then within-person approach is a valid measure.

• What if people do respond differently to Medicare (say those uninsured in 
higher spending areas utilize services post-Medicare-eligibility differentially 
from the uninsured in lower spending areas)?

• We allow all covariates to affect utilization differently in post (interaction 
terms). If such a tendency is correlated with any of our individual or county 
observables, this should be controlled.



Results I
Estimates of Effect of Turning 65 and Gaining Medicare on Hospital Visits by HRR Medicare Spending 

Sample of Persons Ages 63/64 to 67/68 who were Uninsured at ages 63/64

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

>0 Hospital Visits >1 Hospital Visits

Gain Medicare Eligibility .025 -.014 -.038 .019 .006 -.017

(.032) (.039) (.064) (.023) (.023) (.039)

Gain Medicare Eligibility x Above Median 

HRR Spending

.076 .072 .073 .033 .030 .029

(.037) (.035) (.036) (.023) (.022) (.023)

Mean Age 63/64 Below Median .173 .173 .173 .064 .064 .064

Individual Fixed Effects No Yes Yes No Yes Yes

Demographic Controls Yes Yes Yes Yes Yes Yes

Demographic Controls x Post No No Yes No No Yes

HRS Wave (cohort) FEs Yes Yes Yes Yes Yes Yes

HRR Fixed Effects Yes N/A N/A Yes N/A N/A

Observations 1,940 1,940 1,940 1,940 1,940 1,940
Notes: Each column presents estimates from a separate regression. All regressions include controls for sex, race/ethnicity, marital status, education, 

self-reported health, quartiles of household income/wealth, and county-level unemployment/poverty rates. Sample for regressions include HRS 

respondents from 1992 to 2014 who are uninsured at ages 63/64. Standard errors are clustered at the HRR level. *p-value <=0.10, **p-value<=0.05, 

***p-value<0.01



Results II
Estimates of Effect of Turning 65 and Gaining Medicare on Doctor Visits by HRR Medicare Spending 

Sample of Persons Ages 63/64 to 67/68 who were Uninsured at ages 63/64

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

>5 Doc Visits >10 Doc Visits

Gain Medicare Eligibility .089 .058 .026 .054 .064 -.028

(.038) (.048) (.086) (.025) (.028) (.060)

Gain Medicare Eligibility x Above Median 

HRR Spending

.074 .080 .083 .051 .055 .058

(.044) (.042) (.043) (.030) (.028) (.030)

Mean Age 63/64 Below Median .316 .316 .316 .140 .140 .140

Individual Fixed Effects No Yes Yes No Yes Yes

Demographic Controls Yes Yes Yes Yes Yes Yes

Demographic Controls x Post No No Yes No No Yes

HRS Wave (cohort) FEs Yes Yes Yes Yes Yes Yes

HRR Fixed Effects Yes N/A N/A Yes N/A N/A

Observations 1,826 1,826 1,826 1,826 1,826 1,826
Notes: Each column presents estimates from a separate regression. All regressions include controls for sex, race/ethnicity, marital status, education, 

self-reported health, quartiles of household income/wealth, and county-level unemployment/poverty rates. Sample for regressions include HRS 

respondents from 1992 to 2014 who are uninsured at ages 63/64. Standard errors are clustered at the HRR level. *p-value <=0.10, **p-

value<=0.05, ***p-value<0.01



Results III

• Estimate positive but imprecise results on outpatient surgery

• Zero results on prescriptions and new diagnoses



Results IV

Estimates of Effect of Turning 63/64 on Use of Health Care Services by HRR 

Medicare Spending - Sample of Persons Uninsured at Ages 59/60

(1) (2) (3) (4)

>0 Hosp 

Visits

>1 Hosp 

Visits

>5 Doc 

Visits

>10 Doc 

Visits

Gain Medicare Eligibility -.030 -.013 -.019 .048

(.030) (.033) (.078) (.057)

Gain Medicare Eligibility x 

Above Median HRR Spending

.004 -.009 -.021 .005

(.044) (.042) (.043) (.030)

Mean Age 59/60 Below Median .152 .040 .317 .156

Observations 1,982 1,982 1,898 1,898

Notes: All regressions include individual FEs, year FEs, and controls for sex, race/ethnicity, marital status, education, self-reported health, 

quartiles of household income/wealth, and county-level unemployment/poverty rates as well as interactions of these controls and an indicator for 

turning 63/64. Sample for regressions include HRS respondents from 1992 to 2014 who are uninsured at ages 59/60. Standard errors are clustered 

at the HRR level. *p-value <=0.10,  **p-value<=0.05, ***p-value<0.01

We generate placebo 

estimates on the 

uninsured across years 

of age when they didn’t

become eligible for 

Medicare. 

Find no effects 

associated with HRR 

spending. 



Results IV

We also generate placebo estimates on all Medicare beneficiaries as 
they go from being 67/68 to being 71/72. Measures the effect of aging 
in a high spending area with no change in insurance generosity

• We find no meaningful effects associated with HRR spending among this group

We generate estimates for those transitioning from private insurance to 
Medicare (this effect is ambiguous in theoretical model as it depends on 
change in generosity of coverage)

• Find no consistent effects on HRR spending among this group (some evidence of 
positive effect on outpatient surgery)



Callison, Kaestner, Ward takeaways

• We find that, among previously uninsured persons who become eligible for 
Medicare, utilization across a range of outcomes is 20% to 50% greater in 
above-median spending areas relative to below-median spending areas

• Estimates are insensitive to adding individual FEs, and to allowing 
covariates to affect individuals differently post-Medicare-eligibility.

• We find no meaningful pattern of effects on these individuals across ages 
before eligibility, on the entire sample across ages after they have become 
eligible, and on individuals who already had private insurance and gained 
Medicare eligibility.

• Findings consistent with a large role for market power, defined broadly as 
the ability of providers to induce similar patients to utilize different levels of 
care. 



Geographic Variation takeaways

• Geographic variation exists for a wide variety of treatment measures from 
intensive (catherization, hospitalization) to more mundane (beta blockers, 
doc visits).

• Flat-of-curve argument inconsistent with a number of empirical facts as 
explored in Chandra and Staiger (2007) and Doyle (2011).

• Intensive treatment appears to improve outcomes among appropriate 
patients. Spillovers may lead to variation that is not necessarily inefficient.

• Patient preferences may explain as much as half of variation (Finkelstein 
et al, 2016). Changes in provider practice styles after moves broadly 
consistent with this (Molitor, 2016). 

• Still appears to large causal role for provider preferences based on 
changes in insurance generosity (Callison et al, 2017).


