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Abstract

This paper examines how selection into medicine in the United States influences physi-
cian practice styles using macroeconomic conditions at the time of medical school ap-
plication as an exogenous shock to the applicant pool. We find that labor market
downturns in other prestigious fields increase medical school applications, particularly
from students with non-pre-medical backgrounds. This shift in applicant composition
leads to a cohort of physicians who are more likely to work in lucrative, small group
practices and bill Medicare more per beneficiary, even after accounting for experience,
specialty choice, and patient risk scores. Our findings highlight selection into medicine
as a previously overlooked channel that shapes physician practice styles and health care
delivery.
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I Introduction

Physician decision-making plays a central role in health care delivery. Physicians influence
treatment choices, the adoption of new technologies, and the use of high-cost procedures,
all of which contribute to regional and provider-level variation in health care expenditures
(Cutler et al., 2019; Badinski et al., 2023). While a large literature examines how factors
such as financial incentives (Clemens and Gottlieb, 2014), organizational structures (Molitor,
2018; Doyle and Staiger, 2025), and training (Epstein and Nicholson, 2009; Schnell and
Currie, 2018) shape physician behavior, most existing work takes the population of practicing
physicians as given. This paper investigates a fundamental but understudied question: how
do individuals sort into the medical profession, and how does this selection process affect
the delivery of care? These questions are particularly important in countries like the United
States, where physicians’ high earnings raise concerns that financial motivation, rather than
patient welfare, may attract some individuals to the profession (Li et al., 2017; Gottlieb et
al., 2025).

To examine how selection into medicine influences the delivery of care, this paper exploits
macroeconomic conditions at the time of medical school application as an exogenous shock to
the applicant pool. By limiting alternative employment opportunities, economic downturns
may influence the decision of highly skilled individuals to enter medicine rather than pursue
careers in other high-paying, prestigious fields. In line with this, we find that over the past
three decades, more people applied to medical school when unemployment in other high-
skill occupations was higher. These downturns also changed the composition of entering
medical school classes, with more matriculants having majored in non-traditional pre-medical
fields. Strikingly, cohort-level differences based on entry conditions persist decades later:
physicians who applied to medical school during downturns bill more to Medicare and are
more likely to practice in smaller, higher-earning settings. Despite treating healthier patients
on average, their patients experience higher mortality. Taken together, these findings indicate
that selection into the medical profession has enduring implications for the delivery and
effectiveness of health care.

We begin by constructing a business cycle measure that captures economic conditions



relevant to potential physicians. Because few undergraduates deciding whether to apply to
medical school are choosing between medicine and low-skill occupations, aggregate unem-
ployment rates may be a poor proxy for the economic conditions they face. We therefore
develop a “medical-school-applicant-relevant” business cycle that reflects downturns in oc-
cupations plausibly considered by students contemplating medicine. Using data from the
Current Population Survey (CPS), the American Community Survey (ACS), and the Asso-
ciation of American Medical Colleges (AAMC) Applicant Matriculant File, we link occupa-
tions to undergraduate majors and compute an annual weighted unemployment rate that
reflects the labor market conditions facing students in majors common among medical school
applicants. Averaged over a four-year window to capture conditions throughout college, this
measure provides a more targeted proxy for the outside options facing potential medical
school applicants.

We then examine the contemporaneous impact of the medical-school-applicant-relevant
business cycle on the number and composition of medical school applicants and matriculants.
Using data on medical school applications and matriculations from the AAMC’s Applicant
Matriculant File, we find that a one-percentage-point increase in unemployment in com-
peting fields between 1989 and 2007 was associated with an increase of 0.69 applicants per
available spot—a 30 percent rise relative to the mean of 2.3 applicants per spot. Although
this increase occurs among both pre-medical and non-pre-medical students, the composition
of matriculants shifts during downturns in competing occupations: a one-percentage-point
increase in the applicant-relevant unemployment rate raises the share of matriculants with
non-pre-medical undergraduate majors by 3.9 percentage points (12.6 percent relative to the
mean composition of 31 percent).! Similar patterns emerge when exploiting state-level vari-
ation, with both the number and composition of applicants responding counter-cyclically to
local economic conditions. Together, these results suggest that economic downturns expand
the pool of potential physicians by drawing in individuals who might otherwise have pur-

sued alternative professional paths, thereby altering the composition of the future physician

1Using survey data from Li et al. (2022) measuring the social preferences of practicing physicians, we show
suggestive evidence that those from non-pre-medical backgrounds exhibit lower levels of altruism. Notably,
the magnitude of the difference across undergraduate major groups is similar to that observed between male
and female physicians.



workforce.

We are ultimately interested in how selection into medicine over the business cycle affects
the provision of health care. During economic downturns, two offsetting forces may arise. As
more students apply per spot, medical school selectivity increases, potentially improving the
average ability of future physicians. At the same time, downturns may attract applicants with
different preferences—such as those who are more financially motivated—which could lead to
more costly or less patient-oriented care. Consistent with the latter mechanism, data from
the AAMC’s Matriculating Student Questionnaire show that medical school matriculants
are somewhat less likely to express interest in primary care or service in underserved areas
when competing occupations contract, although findings are noisy. In contrast, there is
little association between average MCAT scores and the medical-school-applicant-relevant
business cycle. Taken together, these findings suggest that economic downturns may draw
less altruistically motivated individuals into medicine.

Finally, we examine how economic conditions during one’s undergraduate studies affect
the practice styles of physicians years later. Using data from the public-use Medicare Part B
files from 2013 to 2019, we find that, conditional on specialty and outcome-year fixed effects,
cohorts facing higher unemployment at the time of medical school application bill nearly
twelve dollars more per patient annually. While higher spending could reflect greater patient
need, we instead find that Medicare patients of recession-cohort physicians have lower average
risk scores and are substantially less likely to be dually eligible for Medicaid. Moreover, data
from the Centers for Medicare & Medicaid Services (CMS) Physician Compare database
and from IQVIA’s SK&A Office-Based Physician Database indicate that recession-cohort
physicians are more likely to practice in smaller groups and in settings less likely to offer
salaried contracts, allowing these providers to potentially earn more.

This paper builds on at least four literatures. First, we contribute to the extensive
literature examining the determinants of physician behavior. Numerous studies document
that providers vary widely in the intensity and type of care they deliver, with important
implications for health care costs and patient outcomes (e.g., Currie et al., 2016; Parys,
2016; Currie and Zhang, 2023; Gowrisankaran et al., 2023; Ginja et al., 2024). Building

on this evidence, subsequent research has sought to uncover the sources of such variation,



examining how differences in financial incentives (Clemens and Gottlieb, 2014; Alexander
and Schnell, 2024), organizational structures and peer environments (Molitor, 2018; Doyle
and Staiger, 2025), training (Epstein and Nicholson, 2009; Schnell and Currie, 2018), skills
(Currie and MacLeod, 2017, 2020; Chan et al., 2022), and beliefs (Cutler et al., 2019) shape
provider behavior. In contrast to this literature, which treats the composition of the physician
workforce as given, we show that part of the variation in clinical behavior arises from who
becomes a physician in the first place. By endogenizing entry into medicine, our analysis
identifies selection into the profession as an important but often overlooked determinant of
heterogeneity in clinical decision-making.

Second, our work builds on the broad literature examining the determinants of occupa-
tional choice. A long tradition in labor economics, beginning with Roy (1951) and extended
by dynamic frameworks (McCall, 1970; Keane and Wolpin, 1997), studies how individuals
select into professions based on expected earnings, non-pecuniary attributes, and preferences
(Willis and Rosen, 1979; Heckman and Sedlacek, 1985). Related research on signaling and
screening emphasizes how education and training reveal and filter worker ability and moti-
vation (Spence, 1973; Stiglitz, 1975), while more recent work highlights the role of intrinsic
and mission-driven motives in shaping who selects into public-service and health-related oc-
cupations (Besley and Ghatak, 2005; Delfgaauw and Dur, 2007; B6 et al., 2013). Building on
these insights, our paper examines how macroeconomic conditions influence who applies to
and matriculates in medical school, shaping the composition of future physicians. In contrast
to prior work, which typically examines occupational choice in isolation, we study how this
selection process affects subsequent job performance across physician cohorts. Our findings
suggest that screening in medicine is imperfect: if medical schools could fully identify ap-
plicants with the attributes they seek, cohort performance would not decline during labor
market downturns when the pool of applicants to medical school expands.

More specifically, our work contributes to research examining how macroeconomic con-
ditions influence career entry and long-run occupational outcomes. A large body of evidence
shows that graduating in a recession leads to persistently lower earnings, slower career ad-
vancement, and worse life outcomes (Kahn, 2010; Oreopoulos et al., 2012; Schwandt and

von Wachter, 2019). Recognizing that such downturns can also shape behavior before labor-



market entry, subsequent work examines how macroeconomic conditions influence educa-
tional and occupational choices (Blom et al., 2021; Weinstein, 2022; Cotofan et al., 2023).
These studies emphasize that recessions can have enduring effects not only through early
labor-market scarring but also through shifts in human capital investment and career trajec-
tories. Our paper offers a complementary perspective by showing that high-skill individuals
may buffer themselves from such adverse shocks by switching into recession-resistant profes-
sions, such as medicine (Dillender et al., 2021).

Finally, our work relates to the literature examining how macroeconomic conditions affect
health. A large body of research documents that health outcomes fluctuate with the busi-
ness cycle, with mortality typically declining during recessions and rising during expansions
(Ruhm, 2000; Stevens et al., 2015). Subsequent work highlights the heterogeneous effects
of macroeconomic shocks across populations and mechanisms, including changes in income,
time use, stress, access to care, and pollution (Dehejia and Lleras-Muney, 2004; Miller et al.,
2009; Charles and DeCicca, 2008; Finkelstein et al., 2025). Whereas this prior work largely
focuses on the contemporaneous health effects of economic fluctuations—or long-run effects
on the health of affected individuals themselves (Schwandt and von Wachter, 2020)—we
show that macroeconomic conditions can have persistent consequences for population health
through their impact on the composition of the physician workforce. By demonstrating
that cyclical variation in labor market opportunities influences who enters medicine and, in
turn, how care is delivered years later, we link the macroeconomic environment to long-run
supply-side determinants of health care quality and costs.

The remainder of the paper is organized as follows. Section II outlines the construction of
a business cycle measure that captures macroeconomic fluctuations relevant to high-skilled
undergraduates. Section III examines how these fluctuations affect both the number and
characteristics of individuals applying to and matriculating into medical school. In Section
IV, we explore how these shifts in cohort composition are associated with cohort-level practice

styles, and Section V provides a discussion of potential mechanisms. Section VI concludes.



IT Constructing the relevant business cycle

We begin by constructing a business cycle measure that captures economic conditions rel-
evant to potential physicians. As few undergraduates who might become physicians are
also considering careers in fields like construction, for example, downturns in those sec-
tors are not relevant for our analysis. To construct a measure of economic conditions that
is relevant to an individual on the margin of applying to medical school, we construct a
“medical-school-applicant-relevant” business cycle. This business cycle is a weighted average
of unemployment rates in the occupations that graduates of specific undergraduate majors
typically enter, where the weights reflect the proportion of medical school applicants with
each major.

We construct this business cycle in four steps using three data sources. First, we use un-
employment rate data by occupation from the Current Population Survey (CPS), accessed
via IPUMS (Flood et al., 2023). The underlying data are at the individual level but are ag-
gregated to the occupation-year level (or occupation-state-year level for state-level analyses)
using survey weights. Occupations are defined using the IPUMS harmonized 2010 occupa-
tion codes.? These data offer three key advantages: (1) they allow us to examine historical
trends dating back to the 1980s, (2) they enable the construction of unemployment rates
at the occupation level rather than the broader industry level, and (3) they align with the
series used in official U.S. unemployment statistics.

Second, we combine unemployment rate data at the occupation-year level with informa-
tion on the occupations that graduates of different majors ultimately enter, using data from
the American Community Survey (ACS). Specifically, we start with a list of all undergradu-
ate majors represented among medical school applicants in the AAMC data described below.
We then map this list to the ACS and use k-means clustering to group undergraduate majors
based on the similarity of the occupations they lead to. This clustering procedure gener-

ates seven major clusters: biology/chemistry, engineering, computer science/math/physics,

2We construct unemployment rates at the occupation level rather than the industry level, as occupation-
based measures better capture the employment prospects of high-skilled professions within an industry. In
particular, unemployment rates can vary substantially between high-skilled occupations (e.g., lawyers or
physicians) and lower-skilled roles that constitute the majority of employment within an industry (e.g.,
administrative assistants or home health workers). As in official U.S. unemployment statistics, we restrict
the data to individuals aged 16 or older and in the labor force.



earth sciences, humanities, education, and pre-law/business/economics.® For each major
cluster, we construct a corresponding annual unemployment rate as a weighted average of
occupation-specific annual unemployment rates from the CPS, where the (fixed) weights
reflect the share of individuals in that major cluster who enter each occupation at baseline.*

Third, we compute a weighted annual average across six of the major cluster—year un-
employment rates, where the weights reflect the share of medical school applicants from
each major cluster. Data on medical school applicants come from the AAMC’s Applicant
Matriculant Data File, covering application cycles from 1989 to 2019. In addition to the
number of applicants, the data include information on their undergraduate majors. The
majority of medical school applicants come from a set of traditional “pre-medical” majors.
According to AAMC data, students who majored in fields such as biology, chemistry, and
biochemistry have accounted for nearly half of all medical school applicants over the past
three decades. We define “traditional” medical school applicants as those with majors in the
biology /chemistry cluster and classify applicants in the other six clusters as “non-traditional”
applicants. To construct our medical-school-applicant-relevant unemployment rate, we take
a weighted average of the six non-traditional major clusters, using the share of applicants in
each cluster as weights.

We aim to capture labor market conditions toward the end of a potential applicant’s
undergraduate degree, as this is when marginal undergraduates are likely deciding whether
to apply to medical school. Two factors complicate the timing of our analysis. First, while
specific coursework is not always formally required, applicants typically complete key pre-
medical courses during college to prepare for the MCAT and strengthen their applications.
This motivates consideration of economic conditions before one completes their undergrad-
uate education. Second, many students take a gap year or two after graduating, and we
only observe the application year. This motivates a consideration of economic conditions
after one completes their undergraduate education. To capture both of these forces in our

measure of relevant economic conditions, we compute the medical-school-applicant-relevant

3See Table A1 for a full list of the majors in each cluster.

4In particular, we use occupation weights from the first available five-year ACS (2005-2009). As an
example of this methodology, suppose that 30 percent of individuals in the engineering major cluster become
aerospace engineers and 70 percent become mechanical engineers. Then the unemployment rate for the
engineering cluster would be 0.3 * U7 + 0.7 x U;"“h.



unemployment rate as the average unemployment rate in the application year and the three
preceding years and denote this unemployment rate as U, for application year y.

Figure 1(a) plots the economy-wide unemployment rate, the national unemployment rate
for physicians, and the medical-school-applicant-relevant business cycle from 1980 to 2019.
Because majors that commonly lead to medical school tend to feed into occupations with
relatively low unemployment rates, it is unsurprising that the applicant-relevant business
cycle consistently falls below the overall economy-wide measure. While recessions are visible
across all series, the relative severity of downturns differs for those considering medicine com-
pared to the broader labor market. Notably, physicians stand out from other high-earning
occupations, displaying an essentially flat unemployment profile over the business cycle—
unlike other high-income or high-prestige occupations, which exhibit much more pronounced
cyclicality. Finally, as shown in Figure 1(b), there is substantial cross-state variation in the
applicant-relevant business cycle, with certain states experiencing more pronounced effects

during specific recessions than others.

III Medical school applicants and matriculants

ITII.A Data

As outlined above, data on medical school applicants and matriculants come from the
AAMC’s Applicant Matriculant Data File covering 1989-2019. These data report the number
of unique applicants and matriculants to U.S. MD-granting medical schools at the state—year—
major level, where state indicates the applicant’s legal residence at the time of application,
year corresponds to the year of application (i.e., the year before potential matriculation),
and major reflects the applicant’s detailed undergraduate field of study. In what follows, we
limit the sample to applicants residing in the United States and the District of Columbia, as
they are expected to be more sensitive to the business cycle fluctuations that we consider.
To examine how both the number and characteristics of future physicians respond to
business cycle fluctuations, we consider three key sets of outcomes from the AAMC data.

First, to analyze how the number of individuals seeking to pursue a career in medicine



changes when there are downturns in competing occupations, we examine the total number
of applicants, both nationally and by state. Second, to study the types of individuals who
respond to such shocks, we examine the number of applicants—again, both nationally and
by state—by undergraduate major grouping and gender. Finally, to assess how business
cycle fluctuations affect the composition of future physicians, we consider the characteristics
of individuals who matriculate to medical school.

We focus on how the distribution of matriculants across traditional and non-traditional
pre-medical majors and by gender varies with economic conditions. This focus reflects the
idea that both undergraduate major and gender proxy for underlying applicant “types.” While
direct measures of individual preferences are unavailable in standard data sources,major
choice provides an informative signal of such preferences, capturing heterogeneity in, for
example, enjoyment of coursework and the relative importance individuals attach to expected
earnings and non-pecuniary job attributes (Arcidiacono, 2004; Zafar, 2013; Kirkeboen et al.,
2016; Wiswell and Zafar, 2015).5 Similarly, differences in preferences by gender are well
documented (Croson and Gneezy, 2009). Whether we see more applicants—and, in turn,
matriculants—from particular undergraduate majors and genders over the business cycle
may therefore reflect changes in selection into medicine across cohorts.

Consistent with this logic, survey evidence on the social preferences of practicing physi-
cians provides suggestive evidence of differences in preferences by undergraduate major and
gender. Specifically, Li et al. (2022) conduct a survey experiment to measure altruism among
284 physicians. In the publicly available data from this experiment, physicians who reported
a traditional pre-medical undergraduate major exhibit higher levels of altruism than those

6 Although statistical precision is limited due to the small

from non-traditional majors.
sample size, the gap in altruism between physicians with traditional versus non-traditional

undergraduate majors is sizable (see Figure Al(a)). Notably, the average difference in al-

5In our setting, applicants that always intended to apply to medical school—and thus chose a traditional
pre-medical major—will likely have different average underlying preferences from applicants who did not.
For example, students who always wanted to go into medicine may exhibit higher altruism; students who
shifted into medicine because of poor labor markets elsewhere may exhibit stronger financial motivation.

SWhen using the data from Li et al. (2022), we define traditional pre-medical majors as biology (including
molecular biology, cellular biology, and neurobiology), chemistry, biochemistry, and nursing. The major
categories published in these data are more coarse than in our main analysis, and thus we cannot construct
groups that perfectly match our main categorization of traditional and non-traditional majors.



truism by undergraduate major is similar in magnitude to the gap between male and female
physicians observed in the same data (Figure A1(b)), a gap in social preferences that has
been widely documented across many settings (Croson and Gneezy, 2009; Falk and Hermle,
2018; Burbano et al., 2024). Importantly, the similarity of these differences is not driven
by a correlation between undergraduate major and gender: differences in social preferences
across undergraduate majors exist within both men and women, and differences by gender

are also present within traditional and non-traditional majors (Figure Al(c)).

III.B National patterns

We begin by examining aggregate patterns in the number of applicants at the national level.
Figure 2(a) plots the time series of the total number of applicants per available spot along-
side the medical-school-applicant-relevant business cycle from 1989 to 2019. Applications
to medical school are strongly countercyclical, with more students applying when outside
options weaken due to poor economic conditions. The magnitude of this relationship is
sizable: Figure 2(b) plots the number of applicants per spot against the medical-school-
applicant-relevant unemployment rate and shows that a one-percentage-point increase in U,
is associated with 0.12 additional applicants per spot—an increase of 5.2 percent relative to
the average of 2.3 applicants per spot over the period (see Table A2). These patterns are
consistent with findings from the education literature showing that educational attainment
tends to rise when young adults face adverse labor market conditions.”

Figure 2(b) also presents the relationship between applicants per spot and the medical-
school-applicant-relevant unemployment rate for the period 1989-2007. We examine this
earlier period separately for two reasons. First, when analyzing eventual practice styles in
the next section, we restrict attention to physicians who have completed training. Given
the timing of our outcome data, this restriction requires limiting the sample to those who
applied between 1989 and 2007. Second, the timing of the relationship appears somewhat

different around the Great Recession. Notably, the magnitude of the relationship is larger in

"For example, Barr and Turner (2015) and Betts and McFarland (1995) show that college enrollment
is countercyclical, while Cascio and Narayan (2022) find that local booms in low-skill jobs decreased high
school graduation rates. Although there is less work on graduate school enrollment specifically, the existing
literature suggests that enrollment is generally countercyclical (Bedard and Herman, 2008; Johnson, 2013).
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these earlier years, with a one-percentage-point increase in (_]y associated with 0.69 additional
applicants per spot, an increase of 30 percent relative to the average (Table A2).

Scatterplots of the number of applicants per spot by undergraduate major grouping and
gender against the corresponding group-specific unemployment rate are shown in Figure
A2. The patterns mirror those observed in the aggregate data: applications to medical
school rise when outside options weaken, with countercyclical responses evident across both
major groups and genders. For undergraduate major, both traditional and non-traditional
pre-medical majors respond counter-cyclically, although the percent increase is larger for
non-traditional majors. For gender, men respond more strongly than women. From 1989
to 2007, a one-percentage-point increase in Uy was associated with 0.47 additional male
applicants per spot (a 36.2 percent increase relative to the mean of 1.3) and 0.22 additional
female applicants per spot (a 22 percent increase relative to the mean of 1.0).

While the previous figures show that the composition of applicants varies over the business
cycle, whether these fluctuations translate into changes in the composition of physician
cohorts depends on whether the composition of matriculants also changes during downturns
in competing fields. If medical schools admit the same types of students regardless of the
applicant pool, then we would not expect the business cycle to affect the delivery of care
years later. In contrast, Figure 3 shows that the share of matriculants entering medical
school from non-traditional pre-medical majors varies systematically with the business cycle.
Over the period 1989-2019, a one-percentage-point increase in (_]y is associated with a 1.25-
percentage-point increase in the share of the cohort coming from non-traditional majors,
a 4 percent increase relative to the mean of 31.2 percent (Table A2).® By contrast, the
gender composition of matriculants does not vary with the business cycle. Although the
increase in applicants is more pronounced among men (Figure A2), these fluctuations do not
systematically translate into differences in the gender makeup of matriculating classes (see

Figure A3 and Table A2).

8 As before, this pattern is more pronounced prior to the Great Recession. From 1989 to 2007, a one-
percentage-point increase in U, was associated with a 3.88 percentage point increase in the share of the
cohort coming from non-traditional majors, corresponding to a 12.6 percent increase relative to the mean.
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III.C State-level analysis

In addition to examining the association between (_Jy, applicant behavior, and cohort compo-
sition at the national level, we can also exploit state-level variation in economic conditions.
Using deviations from the national business cycle at the state level for identification allows
us to include flexible time controls and leverage additional, distinct sources of variation.
Specifically, this approach tests whether students in states where alternative occupations
experienced more severe downturns respond more strongly than students applying in the
same year but from states where these occupations were less affected.

To do so, we estimate regressions of the following form using data at the state-year level:
Outcomeg, = By + B1Usy + As + Ay + €4y (1)

where Outcomes, denotes the number of applicants or matriculants—overall and by type—
per 100,000 state residents from state s in year y; Usy is the medical-school-relevant un-
employment rate constructed at the state level; and Ay and A, are state and year fixed
effects, respectively.” Observations are weighted by state population, and standard errors
are clustered at the state level.

Results from estimation of equation (1) are shown in Table 1. Consistent with the national
results, column (2) of Panel (a) shows that applications to medical school are strongly
countercyclical: a one-percentage-point increase in the relevant state-level unemployment
rate is associated with 0.40 additional applicants per 100,000 residents, a 3 percent increase
relative to the mean. The number of matriculants from a given state rises more modestly and
is not statistically significant when both state and year fixed effects are included (column
(4) of Panel (a)). This pattern is intuitive: while applicant behavior is likely to respond
to local economic shocks, admissions decisions are made in what is effectively a national
market. As a result, matriculant patterns should depend more heavily on national economic
0

conditions.’

The remainder of Table 1 focuses on responses in the number of applicants by under-

9As shown in Figure 1(b), there is considerable variation in Uy, across states and over time.
10For this reason, we do not analyze impacts on the composition of matriculants using state-level data.
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graduate major grouping (Panel (b)) and gender (Panel (c¢)). As in the national data, both
traditional and non-traditional majors respond counter-cyclically, with somewhat larger pro-
portional increases among non-traditional majors. Similarly, while applications by both men

and women increase during downturns, the response is again stronger among men.

IV  Physician practice style and organization

IV.A Data

To examine how selection into medicine across the business cycle affects physician practice
styles, we use four data sources. First, we draw on the public-use Medicare Part B files
at the physician-year level from 2013 to 2019. We construct three outcomes from these
data. The first is the average annual Medicare spending per beneficiary, which serves as a
proxy for treatment intensity. We calculate this measure by dividing the total standardized
Medicare payment reported for each physician-year by the number of unique beneficiaries
treated.!! The second outcome is the average risk score of patients treated by each physician,
which provides a summary measure of patient health based on CMS’s Hierarchical Condition
Category model. Higher risk scores correspond to sicker patient populations and greater
expected spending. Finally, because beneficiaries who are dually eligible for Medicaid tend
to be sicker, and because physicians are reimbursed at lower rates for treating such patients
in most states, we also examine the share of each physician’s Medicare patients who are
dually eligible for Medicaid.

We also use data on practice organizations from two sources. First, we use information on
the size of each physician’s practice from CMS’s Physician Compare database. We construct
this measure for the period 2014 to 2019 as the average annual number of clinicians reported

in each organization with which the physician is affiliated.'?> Recent work using administra-

HGtandardized payments exclude geographic adjustments and special program payments unrelated to
resource use, allowing for comparisons across providers that reflect only differences in care decisions and
intensity. We first winsorize the number of beneficiaries at the 99th percentile to limit the influence of
likely data errors—or incident-to billing where care is delivered by a different provider—associated with
exceptionally large patient panels.

12We use December snapshots of the Physician Compare files for all years except 2015, for which only a
November snapshot is available. Practice size is based on the number of clinicians affiliated with each Group
Practice PAC ID, a unique identifier assigned in CMS’s Provider Enrollment, Chain, and Ownership System
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tive tax data documents a strong negative relationship between physician income and firm
size (Gottlieb et al., 2025), suggesting that physicians with stronger financial motivation
may prefer to practice in smaller organizations.!?

We supplement this information on firm size with data on physician organizational affili-
ation from IQVIA’s SK&A Office-Based Physician Database from 2008 to 2016. The SK&A
data provide information on practice ownership and health system affiliation for office-based
physicians in the United States, allowing us to distinguish between independent, hospital-
owned, and health system-affiliated practices. Compensation models differ systematically
across these ownership types: independent physicians are typically paid on a fee-for-service
basis, while hospital- and system-employed physicians are more often salaried (AMA, 2025).
As a result, more financially motivated providers may systematically sort into smaller, inde-
pendent practices.

Finally, to examine impacts on patient outcomes, we use a 20 percent sample of patient-
level Medicare claims from 1999 to 2016. We use these data to construct both predicted
and actual one- and three-year mortality for the patients seen by each physician in each
year. Following Chan et al. (2023), we predict individual-level mortality at the visit level
based on patient demographics and Elixhauser comorbidities, capturing expected mortality
given observable health status at the time of treatment.'* We then aggregate these visit-level
statistics to the physician-year level by taking an average across visits with each physician
in each year.

We make a series of restrictions to move from the raw data to our final analysis sample.
First, we limit the sample to physicians who trained in the United States, as they are most

likely to have been exposed to the U.S. business cycle when making the decision to attend

(PECOS). Medicare defines group membership using the Medicare Data on Provider Practice and Specialty
(MD-PPAS) file, which links providers to practices based on their National Provider Identifier (NPI) and
Tax Identification Number (TIN).

13Gottlieb et al. (2025) show that average annual earnings for physicians peak at approximately $470,000
in firms with eight to ten clinicians before declining as firm size increases. This pattern likely reflects the
additional business income earned through ownership in smaller group practices.

148pecifically, we generate Elixhauser comorbidities using ICD diagnosis codes from the carrier, outpatient,
and inpatient claims files. We merge these data with the Master Beneficiary Summary File to incorporate
age, sex, and race. For each beneficiary-visit and Elixhauser condition, we construct indicators for whether
the condition ever appeared and whether it occurred within the past year. We then regress actual one- and
three-year mortality on these indicators, ten age-bin dummies, sex, and race. Predicted mortality at the
visit-level is the prediction from this model.
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medical school. Second, we restrict the sample to individuals who applied to medical school
during the period covered by our application data (1989-2019), allowing us to link cohort-
level variation in practice outcomes to cohort-level variation in applicant and matriculant
characteristics. Finally, to account for strong life-cycle effects in physician behavior, we
further restrict the sample to physician-year observations where at least seven years have
elapsed since medical school graduation. This restriction ensures that we are capturing long-
run practice patterns rather than transitory behaviors associated with early-career training
or transitions. Given the time coverage of our outcome data, this final restriction limits our
analysis to physicians who applied to medical school between 1989 and 2007 when using the
public-use Medicare data, between 1989 and 2001 when using the SK&A data, and between
1989 and 2003 (2001) when examining one-year (three-year) mortality in the restricted-use
Medicare data.

IV.B Empirical specification

Our goal is to analyze how variation in physician-level practice outcomes relates to the
business cycle at the time of medical school application. To do so, we regress measures
of physician-year practice outcomes on the medical-school-applicant-relevant unemployment
rate at the time of application while controlling for physician experience, specialty, and

outcome year. Specifically, we estimate specifications of the following form:

Outcomeit - 50 + B : Uy(z) + )\specialty + )\expem'ence + /\t + €t (2)

where Qutcome;; is an outcome measure for physician ¢ in year t; Uy(i) is the medical-
school-applicant-relevent unemployment rate for application year y; Aspeciaity and Aczperience
denote fixed effects for the specialty and number of years since medical school graduation
for physician 4, respectively; and ); denote outcome year fixed effects.!® P-values and confi-
dence intervals are calculated using a wild cluster bootstrap clustered by application cohort

(Cameron et al., 2008).

15Since medical school is four years, and applicants apply the year before matriculation, we subtract five
from the year of medical school graduation available in different data sources to assign application year y to
practicing physicians.
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Estimation of equation (2) delivers a single estimate summarizing the relationship be-
tween the economic conditions in competing occupations at the time of medical school ap-
plication and practice outcomes for physicians later in their careers. To examine how the
effect size varies across the distribution of observed economic conditions, we further esti-
mate versions that replace the continuous medical-school-applicant-relevant unemployment
rate with indicators for quartiles of this measure. Letting @, denote the range of values of

unemployment rates in quartile ¢, we estimate the following regression:

4
OUtcomeit = 50 + Z Bq -1 {Uy(z) € Qq} + /\specialty + Ae:cperience + )\t + €t (3)

q=1
where is an indicator denoting whether the medical-school-applicant-relevent unemployment
rate for application year y was in quartile ¢ over 1989 through 2007, and all other variables
are defined as in equation (2). Figure A6(a) illustrates the binning procedure, showing how
application years are grouped into quartiles based on the medical-school-applicant-relevant

unemployment rate.

IV.C Results

Average Medicare spending per beneficiary increases as the level of unemployment expe-
rienced at the time of a physician’s application to medical school increases. Figure 4(a)
plots the coefficients on quartiles of Uy(i) from estimation of equation (3) and shows a strong
relationship between economic conditions in competing occupations during undergraduate
years and average Medicare spending per beneficiary decades later. As shown in column
(1) of Table 2, which shows results from estimation of equation (2), a one-percentage-point
increase in Uy(i) leads to an increase in average annual Medicare spending per beneficiary of
12.3 dollars, or 4.2 percent relative to the baseline mean of 296.4 dollars.

It does not appear that higher average resource use for those that applied to medical
school during economic downturns can be explained by differences in patient severity. Figure
5(a) presents results from estimation of equation (3) using average beneficiary risk score at
the physician-year level as the outcome and shows that there is little relationship between

patient risk scores and Uy(i). In anything, higher unemployment in competing occupations at
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the time of medical school applications leads physicians to see patients with lower severity:
as shown in column (1) of Table A3, a one-percentage-point increase in (_Jy(i) leads to a
reduction in average patient risk scores by 0.4 percent (a reduction of 0.007 relative to the
mean of 1.7). As such, the impacts of Uy(i) on Medicare spending per beneficiary are very
similar regardless of whether we control for average patient severity.

In addition to differences in average Medicare spending, physicians who applied to medical
school during periods of high unemployment in competing occupations also tend to practice
in smaller practices. As shown in Figure 4(b), practice size is generally decreasing across
quartiles of Uy(i). Notably, physicians who applied to medical school when the medical-
school-applicant-relevent unemployment rate was one-percentage-point higher on average
practice in practices with 13.7 fewer other physicians, or 2.8 percent relative to the mean of

nearly 500.

V Potential mechanisms

When the medical-school-applicant-relevent unemployment rate is high, two things happen.
First, as shown in Section III, the composition of matriculating classes shifts to include a
higher share of students from non-traditional pre-medical backgrounds. Second, since more
individuals apply, whereas the number of slots does not change, the process of getting into
medical school becomes more competitive (see Section III). Consistent with an increase in
selectivity during economic downturns, Figure A8 provides suggestive evidence that MCAT
scores of matriculating students rise slightly when the medical-school-applicant-relevent un-
employment rate is high. Thus, changes in practice style associated with poor economic
conditions prior to medical school could be the result of differences in preferences or skill
levels of individuals who become physicians during economic downturns.

In columns (2) through (4) of Tables 2 and A3, we look at the direct effect on practice
style of the share of matriculants from non-traditional majors and the acceptance rate in
a physician’s cohort rather than Uy(i). While measures are individually associated with
practice style outcomes (columns 2 and 3—not surprising as these measures are negatively

correlated), when both measures are included in the same regression in column (4), it appears
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that conditional on the share of matriculants coming from non-traditional majors, there is

no remaining effect of selectivity.

VI Conclusion

Little is currently known about the process of selection into medicine, and how physician
type influences practice style. In this paper, we first show that poor economic conditions
prior to application to medical school changes the composition of physicians in a cohort.
We find that a one-percentage-point increase in the medical-school-relevant unemployment
rate leads to a four percent increase in the share of medical students coming from non-
traditional backgrounds in the matriculating class. This estimate is likely an underestimate
of the true effect of economic conditions on the composition of medical school class sizes,
as some students will likely change their undergraduate major in response to poor economic
conditions—and thus look like traditional medical students in our data (Blom et al., 2021).

We next show that this shift in the composition of incoming medical students away from
those from traditional backgrounds leads to differences in practice style decades later, in
ways that are suggestive of these physicians being more profit-motivated. Being exposed
to a higher medical-school-relevant unemployment rate prior to applying is associated with
physicians practicing medicine more intensively, as proxied by Medicare spending per ben-
eficiary, and working in smaller practices. While both the composition of medical school
classes and competition for medical school slots increase during downturns, our results sug-
gest changes in share of incoming medical students coming from non-traditional backgrounds

is the most important factor.

18



References

Alexander, Diane and Molly Schnell, “The Impacts of Physician Payments on Patient
Access, Use, and Health,” American Economic Journal: Applied Economics, 2024, 16 (3),
142-177.

Arcidiacono, Peter, “Ability Sorting and the Returns to College Major,” Journal of Econo-
metrics, 2004, 121, 343-375.

Association, American Medical, “10-Year Trend on Physician Payment Meth-
ods: What You Should Know,” https://www.ama-assn.org/about/ama-research/
10-year-trend-physician-payment-methods-what-you-should-know 2025. Accessed:
2025-10-31.

Badinski, Ivan, Amy Finkelstein, and Matthew Gentzkow andPeter Hull, “Geo-
graphic Variation in Healthcare Utilization: The Role of Physicians,” Technical Report,
NBER Working Paper No. 31749, 2023.

Barr, Andrew and Sarah Turner, “Out of Work and Into School: Labor Market Policies
and College Enrollment during the Great Recession,” Journal of Public Economics, 2015,

124, 63-73.

Bedard, Kelly and Douglas Herman, “Who Goes to Graduate/Professional School? The
Importance of Economic Fluctuations, Undergraduate Field, and Ability,” Economics of
FEducation Review, 2008, 27 (2), 197-210.

Besley, Timothy and Maitreesh Ghatak, “Competition and Incentives with Motivated
Agents,” American Economic Review, 2005, 95 (3), 616-636.

Betts, Julian and Laurel McFarland, “Safe Port in a Storm: The Impact of Labor
Market Conditions on Community College Enrollments,” Journal of Human Resources,
1995, 30 (4), 741-765.

Blom, Erica, Brian Cadena, and Benjamin Keys, “Investment over the Business Cycle:
Insights from College Major Choice,” Journal of Labor Economics, 2021, 39 (4), 1047-1087.

Bo6, Ernesto Dal, Frederico Finan, and Martin A. Rossi, “Strengthening State Capa-
bilities: The Role of Financial Incentives in the Call to Public Service,” Quarterly Journal
of Economics, 2013, 128 (3), 1169-1218.

Burbano, Vanessa, Nicolas Padilla, and Stephan Meier, “Gender Differences in Pref-

erences for Meaning at Work,” American Economic Journal: Policy Economics, 2024, 16
(3), 61-94.

Cameron, A. Colin, Jonah Gelbach, and Douglas Miller, “Bootstrap-Based Improve-
ments for Inference with Clustered Errors,” The Review of Economics and Statistics, 2008,
90 (3).

19


https://www.ama-assn.org/about/ama-research/10-year-trend-physician-payment-methods-what-you-should-know
https://www.ama-assn.org/about/ama-research/10-year-trend-physician-payment-methods-what-you-should-know

Cascio, Elizatbeth and Ayushi Narayan, “Who Needs a Fracking Education? The
Educational Response to Low-Skill-Biased Technological Change,” ILR Review, 2022, 75
(1), 56-89.

Chan, David, David Card, and Lowell Taylor, “Is There a VA Advantage? Evidence
from Dually Eligible Veterans,” American Economic Review, 2023, 113 (11), 3003-3043.

_ , Matthew Gentzkow, and Chuan Yu, “Selection with Variation in Diagnostic Skill:
Evidence from Radiologists,” Quarterly Journal of Economics, 2022, 137 (2), 729-783.

Charles, Kerwin and Philip DeCicca, “Local Labor Market Fluctuations and Health: Is
There a Connection and for Whom?,” Journal of Health Economics, 2008, 27 (6), 1532—
1550.

Clemens, Jeffrey and Joshua Gottlieb, “Do Physicians’ Financial Incentives Affect
Medical Treatment and Patient Health?” American Economic Review, 2014, 104 (4),
1320-1349.

Cotofan, Maria, Lea Cassar, Robert Dur, and Stephan Meier, “Macroeconomic
Conditions When Young Shape Job Preferences for Life,” The Review of Economics and
Statistics, 2023, 105 (2), 467-473.

Croson, R. and U. Gneezy, “Gender Differences in Preferences,” Journal of Economic
Literature, 2009, 47 (2), 448-474.

Currie, Janet and Jonathan Zhang, “Doing More with Less: Predicting Primary Care
Provider Effectiveness,” Review of Economics and Statistics, 2023.

_ and W. Bentley MacLeod, “Diagnosing Expertise: Human Capital, Decision Making,
and Performance among Physicians,” Journal of Labor Economics, 2017, 35 (1), 1-43.

_ and _ , “Understanding Doctor Decision Making: The Case of Depression Treatment,”
Econometrica, 2020, 88 (3), 847-878.

_, _, and Jessica Van Parys, “Provider Practice Style and Patient Health Outcomes:
The Case of Heart Attacks,” Journal of Health Economics, 2016, 47, 64-80.

Cutler, David, Jonathan Skinner, Ariel Dora Stern, and David Wennberg, “Physi-
cian Beliefs and Patient Preferences: A New Look at Regional Variation in Health Care
Spending,” American Economic Journal: Economic Policy, 2019, 11 (1), 192-221.

Dehejia, Rajeev and Adriana Lleras-Muney, “Booms, Busts, and Babies’ Health,”
Quarterly Journal of Economics, 2004, 119 (3), 1091-1130.

Delfgaauw, Josse and Robert Dur, “Signaling and Screening of Workers’” Motivation,”
Journal of Economic Behavior and Organization, 2007, 62 (4), 605-624.

Dillender, Marcus, Andrew Friedson, Cong Gian, and Kosali Simon, “Is Healthcare
Employment Resilient and “Recession Proof"?.” Inquiry, 2021, 58.

20



Doyle, Joseph and Becky Staiger, “Physician Group Influences on Treatment Intensity
and Health: Evidence from Physician Switchers,” American Economic Journal: Economic
Policy, 2025, 17 (2), 471-505.

Epstein, Andrew and Sean Nicholson, “The Formation and Evolution of Physician

Treatment Styles: An Application to Cesarean Sections,” Journal of Health Economics,
2009, 28 (6), 1126-1140.

Falk, Armin and Johannes Hermle, “Relationship of Gender Differences in Preferences
to Economic Development and Gender Equality,” Science, 2018, 362, eaas9899.

Finkelstein, Amy, Matthew Notowidigdo, Frank Schilbach, and Jonathan Zhang,
“Lives Versus Livelihoods: The Impact of the Great Recession on Mortality and Welfare,”
The Quarterly Journal of Economics, 2025, 140 (3), 2269-2328.

Flood, S. et al., “TPUMS CPS: Version 11.0 |dataset],” 2023.

Ginja, Rita, Julie Riise, Barton Willage, and Alexander Willen, “Does Your Doctor
Matter? Doctor Quality and Patient Outcomes,” Journal of Political Economy: Microe-
conomics, 2024.

Gottlieb, Joshua, Maria Polyakova, Kevin Rinz, Hugh Shiplett, and Victoria
Udalova, “The Earnings and Labor Supply of U.S. Physicians,” The Quarterly Journal
of Economics, 2025, 140 (2).

Gowrisankaran, Gautam, Keith Joiner, and Pierre-Thomas Leger, “Physician Prac-
tice Style and Healthcare Costs: Evidence from Emergency Departments,” Management
Science, 2023, 69 (6), 3202-3219.

Heckman, James and Guilherme Sedlacek, “Heterogeneity, Aggregation, and Market
Wage Functions: An Empirical Model of Self-Selection in the Labor Market,” Journal of
Political Economy, 1985, 93 (6), 1077-1125.

Johnson, Matthew, “The Impact of Business Cycle Fluctuations on Graduate School
Enrollment,” Economics of Education Review, 2013, 34, 122-134.

Kahn, Lisa B., “The Long-Term Labor Market Consequences of Graduating from College
in a Bad Economy,” Labour Economics, 2010, 17 (2), 303-316.

Keane, Michael and Kenneth Wolpin, “The Career Decisions of Young Men,” Journal
of Political Economy, 1997, 105 (3), 473-522.

Kirkeboen, Lars, Edwin Leuven, and Magne Mogstad, “Field of Study, Earnings,
and Self-Selection,” The Quarterly Journal of Economics, 2016, 131 (3), 1057-1111.

Li, Jing, Lawrence Casalino, Raymond Fisman, Shachar Kariv, and Daniel
Markovits, “Experimental Evidence of Physician Social Preferences,” Proceedings of the
National Academy of Sciences, 2022, 119 (28).

21



_ , William Dow, and Shachar Kariv, “Social Preferences of Future Physicians,” Pro-
ceedings of the National Academy of Sciences, 2017, 114, 10291-10300.

McCall, John, “Economics of Information and Job Search,” Quarterly Journal of Eco-
nomics, 1970, 84 (1), 113-126.

Miller, Douglas, Marianne Page, Ann Huff Stevens, and Mateusz Filipski, “Why
Are Recessions Good for Your Health?,” American Economic Review: Papers and Pro-
ceedings, 2009, 99 (2), 122-127.

Molitor, David, “The Evolution of Physician Practice Styles: Evidence from Cardiologist
Migration,” American Economic Journal: Economic Policy, 2018, 10 (1), 326-356.

Oreopoulos, Philip, Till von Wachter, and Andrew Heisz, “The Short- and Long-
Term Career Effects of Graduating in a Recession,” American Economic Journal: Applied
Economics, 2012, 4 (1), 1-29.

Parys, Jessica Van, “Variation in Physician Practice Styles Within and Across Emergency
Departments,” PloS One, 2016, 11 (8), e0159882.

Roy, Andrew, “Some Thoughts on the Distribution of Earnings,” Ozford Economic Papers,
1951, 3 (2), 135-146.

Ruhm, Christopher, “Are Recessions Good for Your Health?.” Quarterly Journal of Eco-
nomics, 2000, 115 (2), 617-650.

Schnell, Molly and Janet Currie, “Addressing the Opioid Epidemic: Is There a Role for
Physician Education?,” American Journal of Health Economics, 2018, 4 (3), 383-410.

Schwandt, Hannes and Till von Wachter, “Unlucky Cohorts: Estimating the Long-
Term Effects of Entering the Labor Market in a Recession in Large Cross-Sectional Data
Sets,” Journal of Labor Economics, 2019, 87 (S1), S161-S198.

_ and _ , “Socioeconomic Decline and Death: The Life-Cycle Impacts of Recessions for
Labor Market Entrants,” Technical Report, NBER Working Paper No. 26638, 2020.

Spence, Michael, “Job Market Signaling,” Quarterly Journal of Economics, 1973, 87 (3),
355-374.

Stevens, Ann Huff, Douglas Miller, Marianne Page, and Mateusz Filipski, “The
Best of Times, the Worst of Times: Understanding Pro-cyclical Mortality,” American
Economic Journal: Economic Policy, 2015, 7 (4), 279-311.

Stiglitz, Joseph, “The Theory of “Screening,” Education, and the Distribution of Income,”
American Economic Review, 1975, 65 (3), 283-300.

Weinstein, Russell, “Local Labor Markets and Human Capital Investments,” Journal of
Human Resources, 2022, 57 (5), 1498-1525.

22



Willis, Robert J. and Sherwin Rosen, “Education and Self-Selection,” Journal of Po-
litical Economy, 1979, 87 (5, Part 2), S7T-S36.

Wiswell, Matthew and Basit Zafar, “Determinants of College Major Choice: Identi-
fication Using an Information Experiment,” Review of Economic Studies, 2015, 82 (2),
791-824.

Zafar, Basit, “College Major Choice and the Gender Gap,” Journal of Human Resources,
2013, 48 (3), 545-595.

23



VII Figures

Figure 1: Unemployment rates overall and by state over time

(a) Overall and by occupation nationally
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Notes: The above figures plot unemployment rates nationally (subfigure (a)) and by state (subfigure (b)).
Subfigure (a) shows the economy-wide unemployment rate, the national unemployment rate for physicians,
and the medical-school-applicant-relevant business cycle (U;) from 1980 to 2019; see Section II for details on
the construction of U,. Subfigure (b) plots U; at both the national and state levels from 1989 to 2019. All
unemployment rates are constructed using data from the CPS.

24



Figure 2: Medical school applicants per spot over time

(a) Applicants per spot and unemployment over time
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Notes: The above figures show how the annual number of applicants to medical school, divided by the number
of matriculants (“spots”), covaries with the medical-school-applicant-relevant business cycle (U;) from 1989
to 2019. Subfigure (a) presents the raw time series of these variables, while subfigure (b) shows a scatterplot
of their relationship. In subfigure (b), the relationship is shown separately for the period before the Great
Recession (1989-2007; solid circles) and the period after (2008—-2019; hollow circles). The betas and p-values
reported in subfigure (b) come from bivariate regressions of applicants per spot on U; with robust standard
errors. See Section II for details on the construction of U,. Data on applicants and matriculants are from
the AAMC.
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Figure 3: Percent non-traditional matriculants over time

(a) Percent non-traditional matriculants and unemployment over time
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(b) Percent non-traditional matriculants versus relevant unemployment
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Notes: The above figures show how the annual percent of medical school matriculants with non-traditional
undergraduate majors covaries with the medical-school-applicant-relevant business cycle (U;) from 1989 to
2019. Subfigure (a) presents the raw time series of these variables, while subfigure (b) shows a scatterplot
of their relationship. In subfigure (b), the relationship is shown separately for the period before the Great
Recession (1989-2007; solid circles) and the period after (2008-2019; hollow circles). The betas and p-values
reported in subfigure (b) come from bivariate regressions of the percent of non-traditional matriculants on
U, with robust standard errors. See Section II for details on the construction of Uy. Data on matriculants

are from the AAMC.
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Figure 4: Physician billing and practice size versus relevant unemployment

(a) Average Medicare spending per beneficiary
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Notes: The above figures present results from estimation of equation (3) using annual total billing per
Medicare beneficiary (subfigure (a)) and average practice size (subfigure (b)) as outcomes. Confidence
intervals are calculated using a wild cluster bootstrap clustered by cohort (Cameron et al., 2008).The y-axes
are scaled to span from —5 percent to +5 percent of the outcome mean. All regressions include specialty,
experience, and year fixed effects; standard errors are clustered at the graduation cohort level. The sample
is restricted to physicians who completed their initial medical education in the United States, applied to
medical school between 1989 and 2007, and have at least seven years of experience in a given outcome year.
See Section II for details on the construction of U,. Data on spending per beneficiary come from the public-
use Part B Medicare files from 2013-2019, data on practice size come from the public-use Medicare Physician
Compare files from 2014-2019, and data on physician characteristics come from the AMA Masterfile.
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Figure 5: Patient characteristics versus relevant unemployment

(a) Average risk score among Medicare beneficiaries
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(b) Share Medicare beneficiaries dual eligible for Medicaid

.005 .01
1 1

Share dual eligible
0

R

-.005

-.01
I

T T

T T T
2.8 3 32 34 3.6 3.8
Application year unemployment rate Uy

Notes: The above figures present results from estimation of equation (3) using average risk score among
Medicare beneficiaries (subfigure (a)) and share Medicare beneficiaries that are dually eligible for Medicaid
(subfigure (b)) as outcomes. Confidence intervals are calculated using a wild cluster bootstrap clustered by
cohort (Cameron et al., 2008). The y-axes are scaled to span from —5 percent to +5 percent of the outcome
mean. All regressions include specialty, experience, and year fixed effects; standard errors are clustered
at the graduation cohort level. The sample is restricted to physicians who completed their initial medical
education in the United States, applied to medical school between 1989 and 2007, and have at least seven
years of experience in a given outcome year. See Section II for details on the construction of U,. Outcome
data come from the public-use Part B Medicare files from 2013-2019, and data on physician characteristics
come from the AMA Masterfile.
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VIII Tables

Table 1: Relevant unemployment and medical school applicants and matriculants by state

a. Overall Applicants per 100,000 Matriculants per 100,000
(1) (2) 3) (4)
Unemployment rate Us, 0.67*** 0.40** 0.16%** 0.10
(0.11) (0.18) (0.05) (0.10)
R? 0.67 0.86 0.82 0.87
Mean dependent variable 13.5 13.5 5.8 5.8
Percent of mean 5.0 3.0 2.8 1.7

b. Applicants by major group

Pre-medical applicants per 100,000

Other applicants per 100,000

(1) (2) 3) (4)
Unemployment rate Us, 0.23%** 0.21* 0.21%%* 0.13**
(0.07) (0.13) (0.03) (0.07)
R? 0.68 0.84 0.65 0.81
Mean dependent variable 8.3 8.3 3.6 3.6
Percent of mean 2.8 2.5 5.8 3.6

c. Applicants by sex

Male applicants per spot

Female applicants per spot

(1) (2) 3) (4)
Unemployment rate Us, 0.44%*% 0.23%** 0.23%%* 0.17**
(0.07) (0.11) (0.05) (0.08)
R? 0.63 0.86 0.66 0.86
Mean dependent variable 7.1 7.1 6.3 6.3
Percent of mean 6.2 3.2 3.7 2.7
Observations 1,530 1,530 1,530 1,530
State fixed effects v v v v
Year fixed effects v v

Notes: The above table shows output from estimation of equation (1) using data at the state-year level from
1990-2019. Outcomes are expressed per 100,000 state residents, and observations are weighted by state pop-
ulation. Standard errors clustered by state. See Section II for details on the construction of 0sy. Data on
applicants and matriculants are from the AAMC, and data on annual state population are from the U.S.
Census Bureau’s intercensal population estimates.
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Table 2: Potential mechanisms: physician billing and practice size

a. Spending per beneficiary (1) (2) (3) (4)
Unemployment rate U, 12.34%%%*
(2.07)
[<0.001]
Percent non-traditional 3.89%** 2.45%*
(0.52) (0.73)
[<0.001] [0.03]
Acceptance rate -4.30%%* -2.28
(0.90) (1.19)
[0.004] [0.19]
Observations 1,382,410 1,382,410 1,382,410 1,382,410
R? 0.12 0.12 0.12 0.12
Mean dependent variable 296.4 296.4 296.4 296.4
b. Practice size (1) (2) (3) (4)
Unemployment rate U, -13.65%**
(3.50)
[<0.001]
Percent non-traditional -4.19%* -3.71
(1.40) (2.13)
[0.014] [0.14]
Acceptance rate 3.84%F* 0.80
(0.97) (1.65)
[0.004] [0.64]
Observations 1,081,353 1,081,353 1,081,353 1,081,353
R? 0.02 0.02 0.02 0.02
Mean dependent variable 488.8 488.8 488.8 488.8
Specialty fixed effects v v v v
Experience fixed effects v v v v
Data year fixed effects v v v v

Notes: The above table shows output from estimation of analogs of equation (2) using data at the physician-
year level from 2013-2019. Standard errors, clustered by cohort, are shown in parentheses; p-values, calcu-
lated using a wild cluster bootstrap (Cameron et al., 2008) clustered by cohort, are shown in brackets. See
Section II for details on the construction of Uy. Data on applicants and matriculants are from the AAMC,
and data on billing and practice size are from public-use Medicare files.
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A Supplementary figures

Figure A1l: Social preferences by undergraduate major and sex

(a) By undergraduate major category (b) By sex
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Notes: The above figures plot average measures of social preferences across undergraduate major groupings
(subfigure (a)), sex (subfigure (b)), and both undergraduate major grouping and sex (subfigure (c)). Social
preferences come from Li et al. (2022) and are measured using an incentivized choice experiment that
elicits physicians’ willingness to trade off personal income between themselves and others; “0” denotes full
altruism (allocating all money to others), whereas “1” denotes full selfishness (allocating all money to oneself).
“Traditional” undergraduate majors for individuals entering medicine are defined as those in the traditional
pre-medical cluster (see Table Al).
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Figure A2: Medical school applicants per spot over time by type

(a) By undergraduate major grouping
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Notes: The above figures show how the annual number of applicants to medical school, divided by the num-
ber of matriculants (“spots”), covaries with the medical-school-applicant-relevant business cycle (U;) from
1989 to 2007 (left panels) and from 1989 to 2019 (right panels). Subfigure (a) separates applicants by un-
dergraduate major grouping, while subfigure (b) separates them by sex. “Traditional” undergraduate majors
for individuals entering medicine are defined as those in the traditional pre-medical cluster (see TableA1l).
Reported betas and p-values come from bivariate regressions of applicants per spot on U, with robust stan-
dard errors. See Section 2 for details on the construction of U,. Data on applicants and matriculants are
from the AAMC.
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Figure A3: Percent female matriculants over time

(a) Percent female matriculants and unemployment over time

m_ - \O
2
g >
R s
E s
= s
o v L+ g
= ¥ 2
= 2
L Q.
2 5
o 2D Fen &
o q‘
5 )
~

2_ F AN

T T T T
1990 2000 2010 2020

Application year

—— Percent female matriculants —=— I_Jy

(b) Percent female matriculants versus relevant unemployment
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Notes: The above figures show how the annual percent of medical school matriculants who identify as female
covaries with the medical-school-applicant-relevant business cycle (U;) from 1989 to 2019. Subfigure (a)
presents the raw time series of these variables, while subfigure (b) shows a scatterplot of their relationship.
In subfigure (b), the relationship is shown separately for the period before the Great Recession (1989-2007;
solid circles) and the period after (2008-2019; hollow circles). The betas and p-values reported in subfigure
(b) come from bivariate regressions of the percent of female matriculants on U; with robust standard errors.
See Section 2 for details on the construction of U;. Data on matriculants are from the AAMC.
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Figure A4: Percent of matriculants not planning to practice in underserved area

(a) Percent of matriculants and unemployment over time
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Notes: The above figures show how the annual percent of medical school matriculants responding “No” to
the question “Do you plan to locate your practice in an underserved area?” covaries with the medical-school-
applicant-relevant business cycle (U;) from 1997 to 2019. Subfigure (a) presents the raw time series of these
variables, while subfigure (b) shows a scatterplot of their relationship. In subfigure (b), the relationship is
shown separately for the period before the Great Recession (1997-2007; solid circles) and the period after
(2008—-2019; hollow circles). The betas and p-values reported in subfigure (b) come from bivariate regressions
of the percent of matriculants not planning to practice in an underserved area on U, with robust standard
errors. See Section 2 for details on the construction of U;. Data on matriculants come from the AAMC’s
Matriculating Student Questionnaire.
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Figure A5: Percent of matriculants planning to enter primary care, surgical specialties

(a) Primary care
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Notes: The above figures show how the annual percent of medical school matriculants reporting that they
are planning to become certified in either primary care or a surgical specialty covaries with the medical-
school-applicant-relevant business cycle (U;) from 1997 to 2019. “Primary care” includes family practice,
pediatrics, and internal medicine; “Surgical specialties” includes ..... In both subfigures, the relationship
is shown separately for the period before the Great Recession (1997-2007; solid circles) and the period
after (2008-2019; hollow circles). The betas and p-values come from bivariate regressions of the percent of
matriculants not planning to enter each specialty grouping on U; with robust standard errors. See Section 2
for details on the construction of U;. Data on matriculants come from the AAMC’s Matriculating Student
Questionnaire.
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Figure A6: Medical-school-applicant-relevant unemployment rate groupings

(a) Quartiles
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(b) Quintiles
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Notes: The above figures show how the medical-school-applicant-relevant business cycle (Uy) from 1989 to
2007 is divided into quartiles (subfigure (a)) and quintiles (subfigure (b)). These groupings are subsequently
used for analyses relying on estimation of equation (3). See Section 2 for details on the construction of Us.
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Figure A7: Robustness to timing of unemployment shock
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Notes: first five coefficients from alternate definitions of the unemployment variable. Regressions correspond
to Table 1, columns 2 and 5 (top row, left and right respectively), and column 1 of Tables 2 and ?? (bottom
row, left and right respectively). For details on the specification, see notes of Tables 1, 2, and ?? The last
row of coefficients in the bottom row of figures is from a regression excluding Medicare data from 2020.
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B Supplementary tables

Table Al: Clusters of undergraduate majors from k-means clustering

Cluster 1: Traditional Pre-Medical Majors

Biochemical Sciences

Biology

Biomedical Engineering

Chemistry

Genetics

Health and Medical Preparatory Programs
Medical Technologies Technicians
Microbiology

Cluster 2: Engineering

Molecular Biology

Neuroscience

Nursing

Pharmacology

Pharmacy, Pharmaceutical Sciences
Physiology

Zoology

Aerospace Engineering
Biological Engineering
Chemical Engineering
Civil Engineering

Cluster 3: Computer Science / Math / Physics

Electrical Engineering
General Engineering
Mechanical Engineering

Astronomy and Astrophysics
Computer Science
Management Information Systems and Statistics

Cluster 4: Earth Sciences

Mathematics
Physics

Animal Sciences

Architecture

Atmospheric Sciences and Meteorology
Botany

Environmental Science

Forestry

Cluster 5: Humanities

General Agriculture
Geography

Geology and Earth Science
Geosciences

Miscellaneous Biology
Oceanography

Anthropology and Archeology
Communications

Community and Public Health
Composition and Speech

Drama and Theater Arts
English Language and Literature
Fine Arts

French, German, Latin, and Other Common Languages
General Social Sciences
Humanities

Journalism

Liberal Arts

Library Science

Cluster 6: Law / Business / Economics

Linguistics and Comparative Language
Military Technologies

Miscellaneous Business and Medical Admin.
Miscellaneous Health Medical Professions
Miscellaneous Social Sciences

Music

Nuclear, Industrial Radiology, and Biological Tech.
Nutrition Sciences

Psychology

Social Work

Sociology

Treatment Therapy Professions

Accounting

Economics

General Business
International Relations

Cluster 7: Education

Philosophy and Religious Studies
Political Science and Government
Pre-Law and Legal Studies

General Education
Interdisciplinary and Multi-Disciplinary Studies

Physical and Health Education Teaching

Notes: The above table shows the grouping of undergraduate majors into seven clusters. Groupings are ob-
tained via k-means clustering based on the similarity in the occupational distributions of graduates across
majors as reported in the first year of the five-year ACS (2005-2009). See Section II for additional details.

40



Table A2: Unemployment and medical school applicants and matriculants nationally

a. Overall

Applicants per spot

Total matriculants (10,000s)

1989-2019 1989-2007 1989-2019 1989-2007
(1) (2) 3) (4)
Unemployment rate U, 0.12%* 0.69*** 0.12%%* 0.03
(0.05) (0.12) (0.04) (0.04)
R? 0.11 0.60 0.15 0.02
Mean dependent variable 2.3 2.3 1.7 1.5
Percent of mean 5.2 30.0 7.1 2.0

b. Applicants by major group

Pre-medical applicants per spot

Other applicants per spot

1989-2019 19892007 1989-2019 19892007
(1) (2) 3) (4)
Unemployment rate U, 0.03 0.38%** 0.04** 0.26***
(0.03) (0.06) (0.02) (0.04)
R? 0.02 0.62 0.11 0.64
Mean dependent variable 14 1.5 0.6 0.6
Percent of mean 2.1 25.3 6.7 43.3

c. Applicants by sex

Male applicants per spot

Female applicants per spot

1989-2019 1989-2007 1989-2019 1989-2007
(1) (2) (3) (4)
Unemployment rate U, 0.08** 0.47+%* 0.03 0.22%%*
(0.03) (0.09) (0.03) (0.05)
R? 0.10 0.53 0.04 0.41
Mean dependent variable 1.2 1.3 1.1 1.0
Percent of mean 6.7 36.2 2.7 22.0

d. Matriculant composition

Percent non-pre-medical

Percent female

19892019 1989-2007 19892019 1989-2007

(1) (2) 3) (4)

Unemployment rate U, 1.25%** 3.88%** -0.16 -2.85

(0.38) (0.80) (0.72) (1.67)

R? 0.23 0.49 0.00 0.08
Mean dependent variable 31.2 30.8 46.5 45.0
Percent of mean 4.0 12.6 -0.3 -6.3
Observations 31 19 31 19

Notes: The above table shows output from estimation of an analog of equation (1) using national data at
the annual level. Columns (1) and (3) in each panel use data from 1989-2019, while columns (2) and (4)
restrict the sample to 1989-2007. Standard errors are robust. See Section II for details on the construction
of U,. Data on applicants and matriculants are from the AAMC.
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Table A3: Potential mechanisms: patient characteristics

a. Average risk score (x100) (1) (2) (3) (4)
Unemployment rate U, -0.69%*
(0.26)
[0.032]
Percent non-traditional -0.19 0.24
(0.11) (0.23)
[0.158] [0.39]
Acceptance rate 0.48%** 0.68%*
(0.07) (0.25)
[<0.001] [0.03]
Observations 1,382,410 1,382,410 1,382,410 1,382,410
R? 0.20 0.20 0.20 0.20
Mean dependent variable 173.1 173.1 173.1 173.1
b. Percent dual eligible (1) (2) (3) (4)
Unemployment rate U, -0.30%%*
(0.06)
[<0.001]
Percent non-traditional -0.06* 0.02
(0.03) (0.04)
[0.078] [0.69]
Acceptance rate 0.11%** 0.13%%*
(0.03) (0.03)
[<0.001] [<0.001]
Observations 1,382,410 1,382,410 1,382,410 1,382,410
R? 0.09 0.09 0.09 0.09
Mean dependent variable 24.4 24.4 24.4 24.4
Specialty fixed effects v v v v
Experience fixed effects v v v v
Data year fixed effects v v v v

Notes: The above table shows output from estimation of analogs of equation (2) using data at the physician-
year level from 2013-2019. Standard errors, clustered by cohort, are shown in parentheses; p-values, calcu-
lated using a wild cluster bootstrap (Cameron et al., 2008) clustered by cohort, are shown in brackets. See
Section II for details on the construction of Uy. Data on applicants and matriculants are from the AAMC,
and data on billing and practice size are from public-use Medicare files.
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