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Abstract

Altruism and Efficiency Preferences of U.S Medical Students
and Their Expected Specialty Choice

by

Jing Li

Doctor of Philosophy in Health Policy

University of California, Berkeley

Professor William H. Dow, Chair

The quality of a nation’s healthcare system depends heavily on physicians. Particularly
in the U.S., a significant portion of a physician’s job involves balancing among three often
competing interests: their own financial self-interest, patients’ economic or health interests,
and the interests of the payers representing the larger healthcare system. Physician choices
in the face of these tradeoffs depend on physicians’ underlying social preferences regarding
factors including altruism and efficiency, on which previous literature has provided little
direct insight.

We measure the social preferences of a sample of 503 medical students from schools around
the U.S. using an experimental approach. The approach allows us to decompose social
preferences into two qualitatively different tradeoffs: the tradeoff between self-interest and
other’s benefit (altruism), and the tradeoff between equality and efficiency. The experimental
design consists of a set of computer-based revealed preference decision problems, which ask
the experimental subjects to allocate real money between themselves and an anonymous
person. We also collect rich individual-level information for the same sample from a survey
we fielded. We examine heterogeneity in social preferences of medical students by expected
specialty choice, with particular emphasis on specialty choice. Large variation in income and
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practice patterns across specialties in the U.S. means that in certain specialties, less altruistic
behavior of physicians can yield significant financial gains, and less regard for efficiency can
potentially lead to excessive waste.

We find substantial heterogeneity in altruistic preferences among experimental subjects.
Medical students with a lower degree of altruism are significantly more likely to choose
high-income specialties: the half of the sample who are less altruistic in the experiment
chooses specialties that earn on average around $40,000 more annually than their more
altruistic peers. This altruism measure is more predictive of specialty than a wide range of
other characteristics, including parental income, student loan amount and Medical College
Admission Test (MCAT) score. We also find that this altruism measure predicts students’
self-reported likelihood of practicing medicine in an underserved area.
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To the warmest memory of my grandfather, Zhu Zhu
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Chapter 1

Overview and Background

“It is clear from everyday observation that the behavior expected of sellers of
medical care is different from that of business men in general. . .His behavior is
supposed to be governed by a concern for the customer’s welfare which would not
be expected of a salesman.” (Arrow, 1963)

1.1 Overview

Physicians are central players in the health care industry, the expenditure on which con-
stitutes $3.0 trillion, or 17.5 percent of U.S. GDP in 2014 (Martin et al., 2016). Patients
rely on physicians to act in the patient’s best interest, while healthcare systems rely on
physicians to efficiently ration limited care. Physicians must balance these often conflicting
imperatives against a third consideration: their own self-interest. Physician choices in the
face of these tradeoffs depend on physicians’ underlying social preferences regarding factors
such as altruism and efficiency— preferences which may vary dramatically across physicians
and potential physicians. The distribution of social preferences among the subset of the
population who become physicians can have profound implications for patient outcomes as
well as the success of healthcare reforms attempting to reduce unnecessary spending. Un-
fortunately, existing literature sheds little direct insight into these important preferences of
physicians, mostly due to methodological constraints in directly identifying the quantities of
interest. The present study conducts an economic experiment to directly measure preferences
for altruism vs self-interest as well as preferences for equality versus efficiency on a sample
of future physicians. In addition, we compare these social preferences of future physicians to
those of other populations, including a general sample representative of the U.S. population,
and examine the relationship between social preferences and future physicians’ career-related
choices.
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Altruism, the concern for patient health and economic benefit beyond the physicians’ own
financial self-interest, has traditionally been emphasized through the Hippocratic Oath taken
by physicians, as they constantly face decisions that involve tradeoffs between patients’ health
or financial benefit and physicians’ self-interest (Arrow, 1963), such as whether to recommend
a lucrative procedure to patients for whom there might be little expected benefit. From a
policy standpoint, altruism is particularly important in the profession of physicians primarily
because of the the difficulty of designing optimal contracts to effectively govern physician
behavior (Choné and Ma, 2011; Robinson, 2001). In recognition of this difficulty, a complex
web of physician incentives has evolved in the nation’s fragmented health care system. These
attempt to address the information asymmetries between physicians and patients/insurers,
but their impact is blunted by the the inherent uncertainty in the relationship between
healthcare treatments and health outcomes (Arrow, 1963; McGuire, 2000).

Another aspect of physicians’ social preferences, the tradeoff between equality and efficiency,
is central to physicians’ willingness to “ration” patient access to low-benefit care in the inter-
ests of a more efficient healthcare system. The Hippocratic Oath, by emphasizing physicians’
responsibility for caring for patients, does not address the perhaps equally important issue
of social efficiency, despite the aggregate adverse impact that this has on society’s ability to
finance needed care (Kesternich et al., 2015). An estimated thirty percent of the country’s
expenditure on health care is considered wasted on care that has little benefit (Wennberg et
al., 2002) , in part due to physicians acting on self-interest as well as their unwillingness to
refuse patient care requests.

In this study, we apply an approach recently developed from the experimental economics
literature to measure both aspects of the above social preferences of a sample of about 500
future physicians—medical students from nine schools around the U.S. The distinct advan-
tage of studying social preferences of future physicians as opposed to physicians in practice
(the latter being an important topic in itself) is that it allows us to examine the nature of
individuals’ selection into the medical profession on social preferences, prior to exposure to
more nuanced incentives during medical practice which may affect social preferences in ways
that are difficult to predict. In the experiment, medical student subjects are asked to allocate
real money between themselves and an anonymous person, symbolizing the tradeoff between
self-interest and the other’s benefit in real life. The allocation decision is made by selecting
one point on a budget line consisting of all possible linear combinations of own versus others’
monetary payoffs. Further, each subject is asked to make as many as 50 allocation decisions
with different slopes of the budget lines. By varying the slopes of the budget lines, we effec-
tively vary the relative prices of self versus others’ payoffs, which yields the identification for
the tradeoff between efficiency and equality. The individual-specific altruism and efficiency
preference parameters are derived from a constant elasticity of substitution (CES) utility
specification which we fit to the experimental data. The fact that the experimental design
and the CES utility specification allows us to separately estimate the two conceptually dis-
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tinct components of social preferences, the tradeoff between self and other (altruism) and the
tradeoff between equality and efficiency, makes the design in our study more advantageous
to alternative experimental designs with a discrete choice of options which does not allow
such distinction (Fisman et al. 2015).

Accordingly, in order to pin down the difference in social preferences of individuals who select
into the medical profession and those who do not, we compare the measured preferences of
medical student with a general sample drawn from the American Life Panel (ALP), a panel
of American adults regularly surveyed over the Internet that are broadly representative of
the U.S. population. Patients would prefer to see that medical students have on average
altruistic preferences that place more weight on others’ benefit (as opposed to self-interest),
while policymakers focused on unnecessary healthcare spending would prefer to see a focus
more on efficiency versus equality compared to the general U.S. population. Further, in
order to compare social preferences of medical student to those of a sample that are more
comparable in terms of level of education and career prospect, we bring in a third sample
of Yale Law School (YLS) students on whom similar measures of social preferences are
available. The YLS students serve as a good comparison group as they are prospective legal
professionals whose eliteness resembles the medical profession in the American society.

Finally, we associate the altruism and efficiency preferences with several career-related out-
comes and choices of medical students by supplementing the experimental approach with
a survey. The primary outcome we examine is expected medical specialty choice, which
is meaningful for at least two reasons. First, the large variation in income and practice
patterns across medical specialties in the U.S. (Bodenheimer, 2005) presents potentially dif-
ferent opportunities for personal gains for physicians. Given the disproportionately high
number of specialists versus primary care physicians (Kahn et al., 2006), whether medical
students sort into different specialties based on altruistic preferences is a question of policy
interest. Meanwhile, the focus on efficiency may be even more important among specialists,
as low-efficiency use of expensive procedures could easily lead to more wasteful healthcare
spending. We provide further background on these issues in Section 2.2. Second, specialty
choice is one of the few important decisions that are relevant for all individuals entering the
medical profession (as opposed to, say, whether to accept Medicaid insurance which is less
relevant for hospital-employed physicians), thus minimizing the restrictions on our target
study population. Another outcome is the self-reported likelihood of practicing medicine in
an underserved area. This is another outcome that can correlate with the altruism prefer-
ence of future physicians because of the potential decrease in personal gains from serving
underserved communities.

By employing an experimental approach, this study examines the following research questions
and hypotheses:

Research Question 1: Is there heterogeneity in social preferences among medical students?
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• Hypothesis 1a: There is heterogeneity in altruism preferences among medical stu-
dents.

• Hypothesis 1b: There is heterogeneity in efficiency preferences among medical stu-
dents.

Previous literature using different methods to estimate altruism preferences, described at
length in Chapter 2, supports heterogeneity in altruism among medical students. Hypothesis
1b is more of a conjecture given the lack of literature examining efficiency preferences among
medical professionals.

Research Question 2: How are social preferences of medical students associated with their
expected specialty choice?

• Hypothesis 2a: Medical students who are less altruistic are more likely to choose
high-income specialties.

• Hypothesis 2b: Medical students who are less altruistic are less likely to choose
primary care specialties.

Hypothesis 2b can be considered as a special case of Hypothesis 2a, as primary care specialties
are at the bottom of the specialty income distribution (see Table A1). It is also of policy
interest given the persistent primary care physician shortage in the U.S. and the unique
gatekeeping role of primary care physicians in the healthcare system (Jolly et al., 2013). As
such, our study highlights the importance of individual heterogeneity in social preferences
and proposes that these preferences explain behavior and specialty choice, in addition to
external financial incentives alone. In other words, different opportunities for personal gains
across specialties may attract different individuals in the medical profession, which may also
lead to variation in behavior later in the practice when those gains are being realized.

Research Question 3: How are social preferences of medical students associated with their
self-reported likelihood of practicing medicine in an underserved area?

• Hypothesis 3a: Medical students who are more altruistic are more likely to practice
medicine in an underserved area.

• Hypothesis 3b: Medical students who are more efficiency-focused are more likely to
practice medicine in an underserved area.

Given that practicing medicine in an underserved area could mean both a certain degree of
sacrifice of personal gains as well as a more efficient way of allocating healthcare manpower,
we posit the two hypotheses above.
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To preview the results, we find much heterogeneity in measured altruism preferences among
medical student subjects, and to a less extent in the preferences for efficiency versus equality.
Observable characteristics explain very little of the variation in altruism preferences among
medical students. Compare to the ALP sample, medical students in our sample are on
average less altruistic and more efficiency-focused. On the other hand, medical students
appear to be on average more altruistic and less efficiency-focused than YLS students, a
comparable elite sample.

We also find that lower altruism significantly predicts choosing high-income specialties, de-
fined as having annual average income greater than $300,000 (Table A1). After controlling
for an extensive set of individual characteristics, the half of the sample who are less altruistic
in the experiment are on average about 20 percentage points more likely than their counter-
parts to choose high-income specialties, relative to a sample mean of 49%. The same group
also chooses specialties that earn on average around $40,000 more. The results are robust
to using a continuous altruism measure (instead of binary) and controlling for self-reported
preferences for high income and prestige in specialty choice. Importantly, the experimen-
tally measured altruism preference parameter appears to be a stronger predictor of specialty
choice than many other characteristics that are commonly used to predict specialty choice,
including parental income, Medical College Admission Test (MCAT) score and the amount
of student loans. On the other hand, the efficiency preferences do not significantly predict
specialty choice. Additionally, a higher proportion of the more altruistic medical students
identify themselves as “very likely” to practice medicine in an underserve area, whereas a
higher proportion of their less altruistic counterparts identify themselves as “very unlikely”
to do so, relative to the more common and moderate responses of “somewhat likely” or
“somewhat unlikely” to practice medicine in a underserve area.

The most unique contribution of this study is to introduce to health economics a cutting-
edge method from experimental economics that confers the advantage of providing a highly
controlled environment to pinpoint the quantities of interest. Using this method, our study
speaks directly to how medical professionals are expected to behave when their own interests
conflict with those of the patients’. By contrast, in previous literature, variants of the
altruism constructs are either analyzed theoretically or measured using surveys or laboratory
experiments with somewhat less rigorous design. Beyond altruism, our study is the first
to quantify the equality-efficiency tradeoff of (future) physicians, the first to compare the
social preferences of (future) physicians to other populations, and also the first to link these
preference measures to income of the expected specialty. The fact that the least altruistic
medical students go on to the most lucrative specialties may contribute to high health care
expenditures at the expense, rather than to the benefit, of the patients. Overall, this study
informs research questions that are among the least understood yet most significant and
prevailing in health economics and policy. While further research is needed in improving our
understanding of physician preferences and behavior, the unique insight offered by this study
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can have profound implications in at least two areas of physician-related policymaking. The
first is the screening process and education within medical schools, which may benefit from
more emphasis on altruism. The second is medical practice related reforms, such as better
targeted utilization review and heterogenous payment incentives, towards those areas most
likely to attract less altruistic individuals.

1.2 Background: Income Variation across Specialties

Conflict of interests between physicians and patients manifests itself differently across medical
specialties. Table A1 presents the national average annual income for physicians in various
specialties based on the 2013-2014 Profiles Physician Salary and Compensation Survey, as
well as the 2014 Medscape Physician Compensation Report (Kane and Carol, 2014a). The
difference in compensation across specialties is drastic: physicians in Neurological Surgery,
the top-earning specialty, make on average almost three times as much as physicians in Family
Medicine, who are at the bottom of the specialty income distribution. In fact, the three
primary care specialties—Internal Medicine, Pediatrics and Family Medicine—constitute the
bottom three specialties in terms of average annual income. The income difference across
specialties highlights the fact that medical students go down very different career paths
when they make different specialty choices. What contributes to such drastic differences in
earnings across specialties in the U.S.?

Despite decades of efforts to reform physician payment schemes1, physicians in the U.S. are
predominantly paid fee-for-service (FFS) (Schroeder and Frist, 2013; Verel, 2014), and physi-
cians in different specialties are compensated at very different rates. For instance, specialists
performing medical procedures are routinely reimbursed several-fold more than primary care
physicians are for office visits, even when visits are of similar duration (Bodenheimer et al.,
2007). In addition, while patients may have more control over the initiation of primary
care office visits, the decision to perform high-cost procedures is to a large extent at the
discretion of specialist physicians. FFS encourages higher utilization of services (e.g. Robin-
son 2001), which has been cited as one of the major contributors of the persistently high
health care expenditures in the U.S. compared to other developed countries (Bodenheimer,
2005)2 . Moreover, the necessity and appropriateness of many of these services is highly
contentious (Starfield et al., 2005). The large quantity of services is in turn attributed to a

1For instance, managed care organizations have been in existence since the 1970s that selectively contract
with physicians and pay them on a capitated basis (Cutler et al., 2000). Recent Medicare payment reforms
include experimentation with bundled payment and the Accountable Care Organization model, where a group
of physicians are responsible for care quality and outcomes of a group of patients by taking on financial risks
and sharing the savings with Medicare (Fisher and Shortell, 2010).

2The specialist-primary care physician ratio in the U.S. is about 70/30, while in other developed countries
it is 30/70 (Kahn et al., 2006).
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disproportionately higher ratio of specialists to primary care physicians than other developed
countries (Bodenheimer, 2005). Perhaps not surprisingly, the Obama Administration’s push
to reform the FFS system has met the most resistance from oncologists, neurologists and
other high-income specialist physicians, who see the biggest impact of the reform on their
income (Wayne, 2015).

The difference in profitability across specialties is also reflected in the likelihood of offer-
ing ancillary services. According to the 2014 Medscape Physician Compensation Report
(Kane and Carol, 2014a), the five specialties that are most likely to offer ancillary services
– Orthopedics, Anesthesiology, Gastroenterology, Neurology and Ophthalmology—are all
high-income specialties with average annual incomes above $300,000. Among those surveyed
in each of these specialties, more than a quarter of physicians reported offering ancillary
services, and a third of Orthopedics reported doing so.

Naturally, one worries that such imbalance in earnings opportunities across specialties create
differential incentives for physicians when they face potential conflict of interest with patients,
as the amount of pecuniary gains is different. Moreover, the difference across specialties may
also attract medical student candidates who vary in their propensity to trade patient welfare
for personal gains, which is one of the key hypotheses that this study aims to test.
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Chapter 2

Literature Review

2.1 Theoretical Models of Physician Altruism

This study builds on several strands of literature. The classical literature on the theory
of physician behavior explicitly incorporates patient benefit in modeling physician utility
function (e.g. Ellis and McGuire 1986, 1990; Ma and McGuire 1997 . See McGuire 2000
for a review). One of the most influential models is developed by Ellis and McGuire (1990),
which assumes that physician utility is a linear combination of two arguments, own profit
and patient benefit, and the relative weight on these two components represents the level
of physician altruism. More recent literature in this area formally models heterogeneity in
physician altruism (Choné and Ma, 2011; Jack, 2005; Liu and Ma, 2013). For instance,
Jack (2005) assumes a similar form of physician utility as Ellis and McGuire (1990), with
the added caveat that the weight on patient benefit varies across physicians, the value of
which is the physician’s private information. Our econometric approach improves upon the
model by Ellis and McGuire (1990) by relaxing the linearity assumption in physician utility
function, as CES utility function allows an elasticity of substitution between physician’s own
profit and patient benefit that is different from 1. We describe the CES utility functional
form assumption in more detail in Section 5.

Empirical studies that explicitly consider the altruism component of physician preferences or
utility function are surprisingly scant, especially in contrast to the massive body of literature
that examines the impact of financial incentives on physician behavior (see Robertson et al.
(2012) for a review). The general conclusion in this literature is that financial incentives do
affect medical decisions made by physicians (Chaix-Couturier et al., 2000; Flodgren et al.,
2011; Robertson et al., 2012). I do not discuss these studies in detail here, as findings in this
literature do not speak directly to whether or to what extent physicians are concerned about
patient welfare, but rather that they care about financial gains. Moreover, there is usually
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a lack of discussion on heterogeneous responses among physicians to external incentives
(Robertson et al., 2012) which may reveal heterogeneity in their underlying preferences.

To my knowledge, there are no studies using real-world data that attempt to quantify directly
the degree of physician altruism in relation to their profit or other self-interested motives,
despite the obvious significance of this issue. The difficulty lies in finding credible identifi-
cation that allows researchers to isolate different components of physician utility function.
This is extremely hard to accomplish given the complexities of the health care environment.

2.2 Specialty Choice

Our study is also related to a large body of interdisciplinary literature on the impact of
personality, values and economic factors on specialty choice. In this literature, the explana-
tory variables are usually collected from psychological or career assessment instruments and
include concepts that are close or related to altruism, such as “agreeableness” (Borges and
Savickas, 2002) and “empathy” (Hojat et al., 2002a,b; Newton et al., 2008). These traits are
found to be associated with choosing more “humane” specialties such as Psychiatry, Inter-
nal Medicine and Pediatrics. In addition, other studies find that economic factors such as
specialty income and indebtedness of medical students also affect specialty choice, although
results on the magnitude of these effects are often mixed (Bazzoli, 1985; Fox, 1992; Kahn et
al., 2006; McKay, 1990; Thornton, 2000). A common drawback in this literature is the lack of
a unified theoretical framework that guides model specification and selection of independent
variables, and it is difficult to draw a definitive conclusion from the correlation between a
few, often inconsistently specified, personality or value traits and specialty choice.

2.3 Experimental Studies Measuring Social Preferences

Finally, this study builds upon an expanding literature that uses experimental methods to
measure altruism. A common experimental design in measuring altruism is the dictator
game, in which a “dictator” decides how to allocate money between self and other and the
latter has no bargaining or veto power (Levitt and List, 2007). The experimental design
used in this study, the details of which are presented in Section 4, is derived from a modified
dictator game. The same design has been used by Fisman et al. (2013) to measure distribu-
tional preferences of UC Berkeley undergraduates, and by Fisman et al. (2014) to measure
preferences among a broadly representative sample of the U.S. population. Lagarde and
Blaauw (2013) used basic dictator games to measure pro-social preferences in student nurses
in South Africa, and found that generosity towards patients in the dictator game predicts
their subsequent decision of choosing a rural job.
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In this strand of literature, there is an emerging group of studies, mostly in Europe, that
specifically examine physicians’ (or medical students in the role of physicians) response
to financial incentives. The methods are in essence similar to the basic dictator game,
except that instead of splitting a fixed amount of money, the experimental subjects are
being asked to choose among a menu of hypothetical treatment choices that correspond to
different monetary values of patient benefit and own profit, hence the tradeoff is framed
as that in a medical setting. Hennig-Schmidt et al. (2011) find that, under a hypothetical
fee-for-service arrangement, medical students choose more intensive services which yield
more profit, and vice versa in a capitation environment. Two more recent studies extend
on this methodology to examine different aspects of other-regarding behavior of medical
professionals. Brosig-Koch et al. (2015) conduct similar experiments on three samples: non-
medical students, medical students and actual physicians, with the payoffs scaled up for
physicians, and conclude that physicians’ behavior is less responsive to change in payment
methods (i.e. they are less likely to over- or under-treat) than either medical or non-medical
students. Kesternich et al. (2015) add hypothetical third-party payers to the experiment,
and find that exposing medical students to professional norms derived from the Hippocratic
Oath during the experiment shift the weight they put on to the patient while decreasing their
self-interest and efficiency concerns to the third-party payers. Finally, (Godager and Wiesen,
2013) use the same data in Hennig-Schmidt et al. (2011) and further estimate individual-
level altruism parameters to highlight heterogeneity in altruism among the medical student
sample.

The current study design has several advantages over the aforementioned experimental stud-
ies on physician behavior. Firstly, the modified dictator game uses a budget line approach
to represent the tradeoffs involved in all possible options, where the choice set is continuous
(as opposed to discrete) and the budget lines are randomly drawn by the computer. This
generates extremely rich choice data, allowing estimation of utility function parameters at
the individual level. Secondly, our approach permits the use of the CES utility function to
analyze experimental data, while Godager and Wiesen (2013) used the less flexible linear
utility model. Thirdly, our study has a much larger sample size (N =503) compared to
all previous studies. Finally, we associate the measured altruism preference with expected
specialty choice, which provides an important test for the relevance of our experimental
estimates in real-life decisions.
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Chapter 3

Theoretical Framework

3.1 Utility Maximization with Altruism and Efficiency
Preferences

Following previous literature (Andreoni and Miller, 2002; Fisman et al., 2013, 2014), we
model medical students’ utility in decision-making under conflicts of interests between self
and other as a CES function:

u(πs, πo) = [α(πs)
ρ + (1− α)(πo)

ρ]1/ρ

where πs, πo represents payoffs to self and other respectively. The parameter α represents
the relative weight on payoff to self versus other, with 0 ≤ α ≤ 1:

• when α ∈ (0.5, 1] , the individual places more weight on the payoff to self compared
to other ;

• when α = 0.5, the individual places exactly the same weight on the payoffs to self and
other ;

• when α ∈ [0, 0.5), the individual places less weight on the payoff to self compared to
other.

Although one may be tempted to label individuals with α in the second and third categories
as altruistic, under most circumstances it may be unrealistic to expect an individual to
care about other’s payoff equally or above her own. The analogous definition in the health
economics literature suggests that physicians are considered to be altruistic as long as α < 1
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(Ellis and McGuire, 1990; Godager and Wiesen, 2013), as in this case they are not purely
profit-maximizing.

The parameter ρ captures the convexity of preferences and ranges from −∞ to 1. The
elasticity of substitution is defined as σ = 1/(ρ − 1). When applied in a general choice
setting, σ measures the change in relative choices over consumption items as their relative
prices change. In the case of an individual making decisions involving tradeoff between own
versus other’s payoff, one can think of assigning a “price” to both own payoff (ps) and other’s
payoff (po) . Accordingly, σ measures the change in relative allocation of one’s total available
resources over own and other’s payoffs, psπs/poπo, in response to the relative virtue “price”
of those two payoffs, ps/po (the inverse of the slope of the budget line in a given decision
problem during the experiment). When ρ = 1, the utility function is linear, and all resources
are allocated to πs when ps/po < α/(1 − α) and to πo when ps/po > α/(1 − α). As ρ
approaches 0, u(πs, πo) approaches the Cobb-Douglas utility function, παs π1−α

o . Fisman et
al. (2014) interpret ρ as the following:

• when ρ ∈ (0, 1], the individual’s distributional preference is weighted towards efficiency
(increasing total benefits), as resource allocation to πo decreases when the relative price of
giving po/ps increases (πo becomes more expensive relative to πs);

• when ρ ∈ (−∞, 0), the individual’s distributional preference is weighted towards equality
(reducing difference in benefits), as resource allocation to πo increases when the relative price
of giving po/ps increases;

• when ρ = 0, the relative resource allocation on πs and πo is constant regardless of the
relative price po/ps.

The efficiency-equality tradeoff, captured by the parameter ρ, is another aspect of a physi-
cian’s social preference that is orthogonal to altruistic preference yet still potentially impor-
tant in the allocation of health care resources. Oftentimes, a treatment may be of marginal
benefit to patients but may be considered inefficient from a central planner’s perspective,
which can be problematic especially since neither patients nor physicians bear the full cost
of treatment. Therefore, efficient allocation of health care resources requires physicians to
have sufficient regard for efficiency. On the other hand, a priori, there is no obvious basis
to hypothesize that medical students who choose different specialties differ in their tradeoff
between equality and efficiency, though it may be the case that insufficient regard for effi-
ciency has more severe consequences among physicians in high-income specialties, who have
more resources at their disposal.
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3.2 A Model of Specialty Choice

In modeling specialty choice, we need to incorporate another element which is time prefer-
ence. We do not model the relationship between efficiency preferences and specialty choice,
as there is less clear theory to hypothesize this relationship. Suppose, for simplicity, that a
medical student is choosing between two specialties (or specialty groups) that differ along
two main dimensions: the first specialty yields a higher annual income for each year in
practice than the second specialty, but it also requires a longer period of training than the
second. Examples of the first specialty include Cardiology and General surgery, which re-
quire completion of a fellowship beyond the regular medical school and residency training.
An example of the second specialty is internal medicine. We denote the specialty with higher
income and longer length of training by Specialty H, and the other by Specialty L. The
medical student or future physician i derives lifetime discounted utility Uij from choosing
specialty j (j = H,L) , which takes the following form:

Uij = β
4t·1(j=H)
i [αiIj + (1− αi)Bj] (3.1)

where βi is the discount factor specific to individual i, with βj ∈ (0, 1], which represents the
rate at which the medical student discounts future utility. 4t is the difference in required
length of training between the two specialties, usually measured in number of years, with
4t > 0 . 1(j = H) is the indicator function which equals 1 if the specialty is high-income
(j = H), and 0 otherwise. Ij is the present value of the lifetime private benefit (mostly
income) for a physician in Specialty j, which could also include things such as prestige and
social status that accrues to the physician because of her specialty choice. Bj measures
the present value of the net social benefit (usually in the form of patient welfare) yielded
from the physician practicing medicine in specialty j (beyond the income that the physician
receives). It consists of the lifetime health and financial benefit that patients receive as a
result of the physician practicing medicine in Specialty j. βi can be considered as having two
components: the first is the increased patient utility derived from improved health, when
health is considered as a consumption good, and the second is improved productivity (or
reversed productivity loss) when health is considered as an investment good. Ij and Bj

are present values determined as of the beginning of the medical practice. We assume that
IH > IL (by definition) and BH < BL. A justification for the latter, for example, is that
an additional Internal Medicine physician could be considered as generating higher patient
welfare on net compared to an additional orthopedic surgeon, given the current primary care
physician shortage in the U.S. and the fact that early preventive care may have long-lasting
impact on future health and productivity. αi is the altruistic preference parameter that
measures the weight the physician places on private benefit as opposed to net social benefit
in the utility function, with αi∈ [0, 1].
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There are several additional assumptions implicit in this model that are noteworthy. First,
the discounting does not take into account the period between when the medical student
makes her specialty choice decision and when the training for low-income specialty L ends,
as this period is the same for both specialties, and therefore does not affect specialty choice
decision, i.e. only the difference in training period 4t matters. Second, we assume the med-
ical student derives zero utility when she is in residency training, and the cost of additional
training required for specialty H in this case is captured solely by the additional discount
rate β4ti . Third, we assume for now that specialty-specific lifetime private benefit and net
social benefit IH , IL,BH , BL are constant across physicians, which we relax later.

In the above model, the medical student compares UH and UL, the lifetime utility from
choosing specialty H versus L when making specialty choice. She chooses specialty H if and
only if

UH ≥ UL

β4ti [αiIH + (1− αi)BH ] ≥ αiIL + (1− αi)BL

Di[αiIH + (1− αi)BH ] ≥ αiIL + (1− αi)BL

αi ≥
BL −DiBH

(DiIH − IL) + (BL −DiBH)
(3.2)

where we let Di = β4ti .

It is immediately apparent that in this simple model, the medical student’s specialty choice
depends on her altruism preference parameter αi, as well as the relative magnitude of BL −
DiBH and DiIH − IL which is a function of the discount rate βi. We start by considering a
benchmark case where βi = 1 (no discounting) and IH +BH = IL +BL, i.e. the gross social
values of a physician practicing in each of these two specialties are the same. In this case,
a medical student chooses specialty H(L) if αi > (<)0.5, and is indifferent between these
two specialties if αi = 0.5. In addition, if we allow βi < 1, then a medical student with very
small βi (hence very small Di) is more likely to choose specialty L because she discounts the
future more heavily.

Now we consider the more interesting case where IHi, ILi,BHi, BLi vary across individuals.
In this case they can be interpreted as perceived private benefit and net social benefit. This
is consistent with the core concept underlying the Roy Model that agents self-select into
different markets (in this case careers) based on the realized values of random variables in
their utility function. While many individual characteristics can influence the magnitude
of IHi, ILi,BHi, BLi, the relevant relationships in this framework are how these quantities
change with regard to αi. A reasonable assumption is that 4Ii = IHi − ILi is an increasing
function of αi, i.e. ∂4Ii

∂αi
> 0, as a physician who is less altruistic (has higher αi) may

be more able to increase her income in high-income specialties, for instance, by adopting
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more intensive treatment patterns, by refusing to accept capitation or other income-reducing
payment arrangement or by providing ancillary services. Accordingly, it may also be natural
to assume that 4Bi = BLi−BHi is a decreasing function of αi, i.e. ∂4Bi

∂αi
< 0, as a physician

who is more altruistic (has lower αi) can be thought of as being able to generate more
net patient welfare by “doing good” in a low-income specialty, such as by caring for more
uninsured patients, by being willing to work in underserved areas, or simply by spending
more time with patients.

If one is willing to assume the above relationships and that the discount rate βi is close to 1
for most medical students (otherwise they probably would not have gone to medical school
in the first place!), we get the same conclusion that a medical student with a higher αi is
more likely to choose Specialty H, and vice versa. To see this, let

ᾱi =
BLi
−DiBHi

(DiIHi
− ILi

) + (BLi
−DiBHi

)

denote the value of αi that leaves individual i indifferent between choosing specialty H and
L, then it is obvious that ∂ᾱi

∂4Ii < 0 and ∂ᾱi

∂4Bi
> 0, holding Di constant. By chain rule,

∂ᾱi

∂αi
= ∂ᾱi

∂4Ii ·
∂4Ii
∂αi

= ∂ᾱi

∂4Bi
· ∂4Bi

∂αi
< 0, i.e. individuals with high αi have low values of ᾱi. It

follows that Pr(αi > ᾱi), the probability that the individual chooses Specialty H increases
with αi as well.

In the experiment described below, we measure the equivalent of αi by providing a controlled
environment where medical students trade off own versus other’s benefits with randomly
assigned monetary values. Conceptually, these values can be considered as the experimental
equivalents of Ii and Bi, with several important caveats discussed in detail in Section 4. We
then use the experimental estimate of altruism to predict the survey-elicited specialty choice
in order to empirically test the relationship derived above.
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Chapter 4

The Experiment: A Modified Dictator
Game

4.1 Rationale for Experiment

The lack of credible identification in the empirical literature on physician behavior and pref-
erences motivates the design of laboratory experiment. We do not claim that the parameter
estimates obtained from the experiment on medical students can be used directly to predict
physicians’ tradeoffs in real medical decision-making without additional assumptions, as al-
most no decision is without additional complexities, and in most cases the benefits to self
versus the other are by no means clear-cut.

On the other hand, it might be reasonable to believe that a) each individual has an un-
derlying preference for altruism, which bears some guidance on their decision-making in
reality, and that b) carefully designed experimental method elicits these preferences, albeit
somewhat imperfectly. The former is a specific application of the more general assumption
concerning utility maximization upon which the entire Microeconomics institution is built.
The assumption required for the latter to hold is that not all variation in observed responses
during the experiment is due to the heterogeneity in responses to the particular experimental
environment itself. This is a much weaker but plausible assumption, as previous studies have
confirmed that parameter estimates from similar experiments are correlated with decisions
in reality (?Fisman et al., 2014). In addition, whether estimated altruistic preference pa-
rameters predict specialty choice provides indirect tests of whether these estimates bear any
relationship with decision-making in the real world.

Considering alternative research designs for this study can further assess the value of this
experimental method. Two general alternatives immediately come to mind: the first is

16



to design survey questions that elicit altruism preferences from medical students and link
them to their specialty choice; the second is to empirically measure differences in altruistic
preferences using real-world data on clinical behavior of physicians in different specialties.
A crucial advantage of our experimental method over survey is that real monetary rewards
are involved which depend on subjects’ decisions, making those decisions meaningful. As
for the second alternative, there are at least three barriers: first, it is clear that decades of
empirical research have not been successful in addressing the identification problem, due to
the complexities in clinical decision-making; second, medical practices in different specialties
are often distinct and bear little basis for comparison; third, it is difficult to tell whether
observed variation in altruism occurs before the choice of specialties or after, although either
case would be interesting. Our experimental method overcomes all of these challenges by
providing a highly controlled environment in which true ceteris paribus changes identify the
preference parameters of interest in subjects drawn from the population of interest.

4.2 Experimental Procedure

In this experiment, we present medical student subjects with a sequence of modified dictator
games developed by Andreoni and Miller (2002) and refined by Fisman et al. (2007). Detailed
experimental instructions are in Appendix A. The games are administered on a computer
interface with graphical representation of a standard budget line (Figure A1). This design is
derived from the more general concept of budget line in consumer theory of Microeconomics,
which represents all possible quantity combinations of two goods that an individual consumer
can purchase, given a fixed amount of monetary endowment, and the prices of the two goods.

In the current application, the two “goods” that the subject is asked to choose between are
experimental tokens (described further below) allocated to self,πs, versus tokens allocated
to the other person, πo. The other person is randomly chosen from the American Life
Panel (ALP), a panel of approximately 5,000 adults regularly surveyed over the Internet
by the RAND Corporation1. The other person is anonymous from the perspective of the
medical student subject. Here, each experimental token is a symbolic unit that carries a
pre-specified monetary value (specified below), the realization of which yields positive utility
for the vast majority of individuals on Earth. Accordingly, the coordinate on the y-axis
marks the number of tokens allocated to the subject herself (self) and the coordinate on the
x-axis marks the number of tokens allocated to the random ALP member (other).

The entire experiment consists of 50 independent decision problems of the same form. For
each decision problem, the experimental program randomly selects one budget line among

1More details about RAND ALP can be found at https://mmicdata.rand.org/alp/. Medical student
subjects are informed about this link during the experiment as well.
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the set of budget lines that intersect with at least one of the axes at 50 or more tokens,
but with no intercept exceeding 100 tokens. The subject is asked to choose any point on
the line representing all possible allocations of tokens (pairs of πs, πo). The subject chooses
the allocation by using the computer mouse or keyboard arrows to move the pointer to the
desired allocation, (πs, πo), and then clicking the mouse or hitting the enter key to confirm
her choice.

Upon completion of the experiment, payoffs are realized in the following way. First, the
experimental program randomly selects one of the 50 decision problems to carry out. Each
decision problem has an equal probability of being chosen. The numbers of tokens allocated
to self and the other by the subject in the chosen decision problem are then converted into
dollars at the following exchange rate:

4 tokens = 1 dollar.

The exchange rate is calibrated such that the average payoff the subject is expected to
receive, assuming she allocates everything to herself, is comparable to the national average
residency wage, which is approximately $28 per hour2. Since, on average, a selfish subject
receives 67 tokens from the experiment, for a subject to earn close to $14 for 30 minutes
of participation, the exchange rate needs to be 4 tokens to 1 dollar. The subject and the
random ALP member paired with the subject each receive the equivalent monetary payoff,
in the form of an Amazon gift card, for the tokens allocated to them. Receipt of payment is
conditional upon the subject completing both the experiment and an accompanying online
survey questionnaire containing more standard questions regarding demographics, medical
education and specialty choice. The specific information collected by the survey is further
described in Section 5, and the survey questionnaire is in Appendix B.

Intuitively, changes in the intercepts and slopes of the budget lines correspond to exogenous
changes in endowments and prices of tokens allocated to self versus other, allowing us to
trace out the shape of indifference curves under the assumption that utility function follows
the (flexible) CES specific

4.3 Subject Recruitment

The target subjects for this study are currently enrolled first to fourth year students in
accredited M.D.-granting U.S. medical schools. In order to gain access to medical student

2The national average annual residency wage is $55,300, which amounts to an hourly wage of roughly $28
assuming 2000 hours of work per year (40 hours per week multiplied by 50 weeks) (Kane and Carol, 2014b).
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subjects, we contacted medical schools in alphabetical order by sending emails to admin-
istrators (typically the Associate Dean of Student Affairs) of 73 out of all 122 accredited
M.D.-granting U.S. medical schools, with details about the study asking for permission to
survey the students in March and April 20143. Ultimately, we surveyed students from nine
out of the twelve schools that agreed to participate in our study primarily due to budgetary
limitation (the selected medical schools all have student enrollment under 1,000), while tak-
ing geographical representation and tiers (according to the U.S. News research rankings of
medical schools (2015)) of our sample into consideration (see Figure A2 for locations of
participating medical schools shown on a map of the U.S.).

Table A2 lists the state and response rate for each of the nine participating medical schools.
The overall response rate was 13%. There are two schools that participated in the pilot phase
of this study, which has a design that is nearly identical to the main study, except that the
token-to-dollar exchange rate for the experiment is 3 to 1 instead of 4 to 1 (to ensure an
adequate response rate). The pilot study yielded a higher response rate than anticipated and
permitted by our budget (26% and 30% respectively for the two schools), which led to the
decision to change the token-to-dollar exchange rate to 4:1 in the main study. We address
the issue of pooling data from both the pilot and main studies for analysis in Section 5.

Between June and October 2014, participating schools were asked to forward an email to
their student listserves containing invitations for participation, as well as the URL link to
the consent form and the experimental website, where a personalized ID and password was
generated each time a new participant attempts to log into the study site. Medical students
who agreed to participate in the study were asked to log into the experimental website using
their institutional email address and complete the experiment and survey remotely at any
time and location before a specified deadline, usually two to three weeks after the school
sent out the study invitation to their students. It takes approximately 15 to 30 minutes to
complete the entire process, including both the experiment and survey. To ensure validity
of study results, we did not disclose the specific purpose of our study until data collection
was completed; instead, we informed the medical students initially that the purpose of the
study was to measure the relationship between decision-making and specialty choice.

3We stopped contacting more schools when we received permission to survey medical students from 10
schools with a total student population of approximately 5,000. Assuming a 10% response rate, this is
sufficient for our purpose as our budget only permits payment for 500 experimental subjects.
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Chapter 5

Analytical Methods

5.1 Data

The data used for this study come from both the experiment and the survey. The raw
dataset from the experiment is at the subject-decision problem level with 50 observations
per subject. Each observation contains the following three variables:

• πs , the number of tokens allocated to self;

• πo , the number of tokens allocated to other;

• ps/po, the relative price of the token allocations to self versus other which is equal to
the inverse of the budget line slope.

These variables are used to estimate preference parameters α̂ and ρ̂ for each subject. The
estimation method is described in detail in Section 4.3.

The survey dataset is at the subject level and contains an extensive set of individual char-
acteristics. The variables contained in the survey data can be classified as follows:

• Dependent variables:

– Expected specialty choice;

– The likelihood of practicing medicine in an underserved area;

• Independent variables:

20



– Socio-demographics: basic information such as age, gender, ethnicity, home back-
ground, parental education, parental income, marital status etc.;

– Medical education: years of medical school completed, joint degree, MCAT score,
student loan amount etc.;

– Influences of specialty income, length of training, work-life balance, malpractice
risk and specialty prestige on specialty choice.

We examine the likelihood of practicing medicine in an underserved area as an additional
dependent variable, as it represents another career-related preference that is potentially
associated with altruism. The independent variables collected are those that have been
shown by previous literature to predict specialty choice (Bazzoli, 1985; Dorsey et al., 2005;
Kahn et al., 2006; Newton et al., 2005), and are included as covariates in our regression
models (described below). In particular, preference for shorter length of training is a measure
of the time discount rate of medical students, which can be an important determinant of
specialty choice, as illustrated in the theoretical model in Chapter 3.

5.2 Consistency with Utility Maximization

An added advantage of the experimental design is that it provides a rigorous test of whether
individual choices are consistent with maximizing a well-behaved (piecewise linear, continu-
ous, increasing, and concave) utility function. Consistency with utility maximization holds if
the choices satisfy the Generalized Axiom of Revealed Preferences (GARP) (?).1 However,
the criteria of GARP might be overly stringent even when applied in the current experi-
mental choice setting, as a subject’s decisions may violate GARP for a number of reasons
other than inconsistency with utility maximization, such as incorrect calculation of payoffs
etc. (?). Thus, we follow previous literature (?Fisman et al., 2007, 2013, 2014) in employing
Afriat (1972) Critical Cost Efficiency Index (CCEI) to assess how closely individual choice
behavior complies with GARP. CCEI measures the fraction by which each budget constraint
must be shifted in order to remove all violations of GARP. Figure A3 illustrates a violation
of GARP.

The significance in quantifying the consistency of subjects’ choice behavior with utility maxi-
mization is that one can test the sensitivity of the preference estimates by dropping individual
subjects whose CCEI scores are too low (e.g. below 0.8), which indicates that they may not
be maximizing any utility function at all.

1GARP requires that if allocation xi is revealed preferred to xi, then xi must cost at least as much as xj
at the prices prevailing when xj is chosen.
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5.3 Estimation and Analysis of Preference Parameters

5.3.1 Estimation of Preference Parameters

In section 3.1, we modeled utility maximization incorporating social preferences using a CES
utility function:

u(πs, πo) = [α(πs)
ρ + (1− α)(πo)

ρ]1/ρ

We use the same function to model decisions made by medical student during the experiment,
with the unit of payoffs being the experimental token. In order to estimate α and ρ from
the experimental data, prices are normalized at each observation such that psπs + poπo = 1.
Maximization of the CES utility function yields the CES expenditure function

psπs =
g

(ps/po)r + g

where r = ρ/(ρ − 1) and g = [α/(1 − α)]1/(1−ρ). The rich choice data available for each
subject allow estimation of α and ρ parameters at the individual level, with the following
specification for each subject n:

pis,nπ
i
s,n =

gn
(pis,n/p

i
o,n)rn + gn

+ εin

where i = 1, 2...50 indexes decision problems within each subject, and εin is assumed to
be normal i.i.d. with mean zero. As choices are censored at both ends of the budget line
(Andreoni and Miller, 2002), we follow Fisman et al. (2013) and Fisman et al. (2014) to
estimate ĝn and r̂n using non-linear Tobit maximum likelihood. The estimated preference
parameters α̂n and ρ̂n for each subject n are then given by:

α̂n = 1− (ĝ1/(r̂n−1)
n + 1)−1

ρ̂n = 1 + (1− r̂n)−1

5.3.2 Predicting Specialty Choice

There are several steps involved in examining the relationship between estimated preference
parameters and specialty choice. The first step is to accurately determine medical students’
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specialty choice while taking into account the fact that for some it may be undecided (espe-
cially those in the lower years of medical school). Accordingly, our survey elicits the medical
student’s desired specialty choice using several questions. First, it asks medical students to
choose up to three desired main specialties from the same specialty list used in the American
Medical Association survey for graduating medical students (2013), while providing “unsure”
and “other” as additional options.

The online survey then asks two follow-up questions depending on the respondents’ answer
to the first specialty-choice question: for those who choose more than one desired specialty,
the survey asks subsequently whether there is a single specialty that the subject considers
as her top choice; for those who choose one or more main specialties in primary care, the
survey asks whether the respondent is considering a career in primary care, as a hospitalist,
in a subspecialty (and if so which subspecialty) or undecided. A respondent’s final specialty
choice is then determined based on her answer to all of the above questions (if relevant),
which means there is more than one specialty choice assigned for some respondents, and for
others there is none. We return to this point below when discussing categorizing specialty
choice into subgroups. An advantage of eliciting more than one potential specialty choices
(as opposed to a single specialty choice) is the increase in the probability that these choices
reflect the medical students’ actual practice specialties in the future. Previous literature
shows that specialty choice elicited using similar methods remains quite stable from the
entrance to the exit of medical schools (Carline and Greer, 1991; Flodgren et al., 2011).

Second, it is important to divide specialty choice into meaningful subgroups, as there are
more than 50 specialties, and it would be less informative to analyze them individually.
Another issue with the latter approach is that there are too few observations in certain
specialties to permit meaningful statistical inference. We therefore classify specialty choice
in two ways. (1) High- versus low-income: Table A1 provides a dichotomous classification
of specialties by income with the national average income of $300,000 as the cutoff line.
This classification is perhaps the most relevant for investigating the link between altruism
and specialty choice because of the salience of pecuniary return for future physicians. (2)
Primary care versus non-primary care: primary care specialties include Internal Medicine,
Family Medicine and Pediatrics, but not their subspecialties. This classification is of policy
interest because of the prevalent primary care physician shortage in the U.S. (e.g. Jolly et
al. 2013).

While the classification of specialty choice is straightforward when the respondent chooses
one single specialty, it is less so for those who choose multiple specialties. In the latter
case, we assign a respondent’s specialty choice into one of the subgroups if and only if all
of her desired specialties fall into that subgroup. For those whose specialty choice spans
across categories, we classify their specialty choice subgroup as “undetermined” and conduct
analysis both with and without this subgroup.
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In addition to classifying specialties into subgroups, we also use the average annual income
for each specialty from the nationwide surveys (see Table A1) as an additional dependent
variable to directly examine the relationship between altruistic preference and income of
chosen specialty. In the case that a respondent chooses more than one specialty, we take the
average of the income of her chosen specialties.

We use logistic regressions to examine the relationships between estimated preference pa-
rameters and specialty choice expressed as one of the binary specialty subgroups. We use
OLS regressions to examine the relationship between estimated preference parameters and
specialty choice as a continuous income measure.

The main specification for the logistic regressions is as follows:

Pr(yn = 1) =
1

1 + exp(−1)(b0 + b1α̂n + b2ρ̂n + Xn
′B3 )

where n indexes students. For classification (1), yn takes on 1(0) if the respondent’s specialty
choice is categorized as high-income (low-income). For classification (2), yn takes on 1(0) if
the respondent’s specialty choice is categorized as primary care (non-primary care).α̂n,ρ̂n are
estimated preference parameters for individual n from the experiment. In the actual models
run, we use the standardized scores of α̂n,ρ̂n (normalized with mean zero and standard
deviation of 1) to facilitate interpretation of magnitude of effects. Xn is a vector of individual
controls including socio-demographics, medical education, preferences for specialty attributes
and school fixed effects. b0, b1 and b2 are scalar coefficients and B3is a vector of coefficients
to be estimated. We are interested in the sign and significance of b̂1: when yn is an indicator
for choosing high-income specialties, we expect b̂1 to be positive and significant; when yn is
a dummy for choosing primary care specialties, we expect b̂1to be negative and significant.

The OLS specification has a similar form on the right hand side:

πn = c0 + c1α̂n + c2ρ̂n + Xn
′C3 + εn

where πn is a continuous variable representing the annual average income of the chosen
specialty. c1and c2 are scalar coefficients and C3 is a vector of coefficients to be estimated.
εn is the error term. Again, we expect ĉ1 to be positive and significant.
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Chapter 6

Comparisons with External Samples

6.1 Social Preferences and Observable Characteristics

We received 554 responses from medical students that are complete in both the experimen-
tal and survey modules. Our final analytical sample contains 503 medical students after
excluding those who used non-institutional email addresses (such that we were unable to
verify their medical student status). Among our final sample, we were able to assign the
specialty choice to an income category (high versus low) for 366 students, with 185 choosing
low-income specialties and 181 choosing high-income specialties. Additionally, we were able
to determine the primary care category of specialty choice for 422 students, of whom 62
chose primary care specialties and 360 chose non-primary care specialties.

We present the summary statistics in Table 10.1 for the full analytical sample, the subsamples
of students by medical school tier and by low vs. high income category of specialty choice.
Additionally, Table A3 presents the summary statistics of the subsample whose income
category of specialty choice is undetermined. It also presents the p-values of the t-tests of
differences in means between high- and low-income specialty subgroups. Compared to those
who choose low-income specialties as their desired future specialties, those who choose high-
income specialties are statistically much more likely to be male, to have grown up in suburbs,
to have higher MCAT scores, and not surprisingly, to be influenced by income and prestige
in specialty choice, while less likely to be influenced by length of training. Accordingly, they
report lower likelihood to practice medicine in an underserved area. They are also somewhat
more likely to be Asian or Hispanic, and to have fathers who are physicians. However, they
do not appear to differ much from their counterparts in the low-income specialty category
in terms of reported parental income, parental education or amount of outstanding student
loan. Simple mean comparisons indicate that those for whom the income category of specialty
choice is undetermined are generally younger (under age 25) and have had fewer years of
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medical education, compared to those whose specialty choice can be assigned to either the
high-income or low-income category. This is consistent with the expectation that medical
students in the earlier years of medical school tend to be more uncertain about their future
specialty choice.

Table 10.2 shows the estimation results for the three experimental parameters: CCEI, α̂n
and ρ̂n. We present the summary statistics of the individual-level estimates. We do this
for both the full sample of medical student subjects, as well as the subsamples by income
category of specialty choice, and by medical school tier. In addition, we present the p-values
of the Wilcoxon rank-sum tests for subgroup differences.

Recall that CCEI is a measure of decision quality during experiment, or how close the
subject’s decisions are to those that maximize a well-behaved utility function. Overall,
medical student subjects in our sample exhibit high consistency in their allocation decisions,
with a mean CCEI of 0.93 and a median CCEI of 0.98. There is a marginally significant
difference in CCEI between high- versus low-income specialty groups (p = 0.09), and even
more significant difference between those in Tier 1 vs. Tier 2 medical schools (p < 0.001).

As our core measure of altruism, the estimated α̂n has a mean of 0.72, which lies in between
“pure selfishness (α̂n = 1 )” and “fair-minded (α̂n = 0.5 )”, and a standard deviation of
0.23 indicating heterogeneity across individuals in our sample. More interestingly, there is
a statistically significant difference in α̂n (p = 0.02) between those choosing specialties in
different income subgroups, as those in the high-income specialty category have a mean α̂n of
0.74, while the mean for those in the low-income category is 0.64. This provides preliminary
evidence of the systematic difference in altruistic preference between these two groups. On
the other hand, the subgroup difference between Tier 1 versus Tier 2 medical schools is
even more significant (p < 0.01), which is likely because of the bigger sample size in each
subgroup.

Additionally, the majority of medical students in our sample appear to value efficiency (ρ̂n >
0) more than equality (ρ̂n < 0), as indicated by the positive median of ρ̂n. The difference
in ρ̂n between high- and low-income specialty subgroups is again marginally significant (p-
value= 0.05), with those choosing high-income specialties appearing to be more efficiency-
focused. There is also a significant difference in this measure between Tier 1 and Tier 2
medical school subgroups.

One potential concern with our experimental parameter estimates is that about 10% of our
analytical sample come from the pilot phase of the study with a more generous token-to-
dollar exchange rate (3 to 1 instead of 4 to 1). It would not be valid to pool them together
with participants in the main study for analysis if the pilot study attracts subjects with
systematically different preferences (e.g. less altruistic) from the main study. We address
this concern in two ways. For each of the three experimental parameters (CCEI, α̂n and
ρ̂n), we first conduct the two-sample Kolmogorov–Smirnov (K-S) non-parametric test for
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difference in distribution between the pilot and the main sample; we then run OLS regression
of each of the parameter estimates on an indicator for whether the individual participated
in the pilot study, controlling for an extensive set of individual characteristics. Neither the
K-S test nor the regression coefficient on the pilot indicator is statistically significant at the
10 percent level for any of the parameters, suggesting that there is unlikely to be systematic
difference between the pilot and main samples.

For the rest of the results presented, we report regression coefficients on the standardized
scores of α̂n and ρ̂n (with mean zero and standard deviation of one) instead of their raw
values in order to facilitate interpretation of effect sizes. One way to further understand the
nature of the estimated altruism parameter is to predict it using observable characteristics
of medical students. Table 10.3 presents results from OLS regressions of the standardized
score of α̂n on an extensive set of observable characteristics. Column (1) shows the regression
coefficients and standard errors with only socio-demographic characteristics as predictors;
Column (2) shows the results from a similar regression controlling additionally for medical
education related covariates, including school fixed effects.

The results indicate that several socio-demographic characteristics significantly predict es-
timated altruistic preference. Recall that a lower value of α̂n indicates a higher level of
altruism. Altruism appears to increase with age, although the coefficient is of small magni-
tude and only of marginal significance when controlling for medical education characteristics.
Race strongly predicts altruism, with whites being significantly more altruistic than Asians,
Blacks and those of Other Race. In particular, blacks and those of Other Race have α̂n es-
timates over one-half standard deviation higher than whites1. Interestingly, married (rather
than single) people tend to be less altruistic, and the coefficient is more significant after
including medical education characteristics. Finally, parental education seems to affect chil-
dren’s altruism in different directions: compared to having a college degree, father having
an advanced degree and mother having less than high school education are both associated
with lower altruism, although the former relationship is much more significant. Overall,
the magnitude and significance of coefficients on socio-demographic characteristics does not
change much after controlling for medical education.

Medical education characteristics also help predict altruism. Those who have completed
four or more years of medical education appear to be less altruistic than those in lower
years of medical school, which is somewhat consistent with previous literature that shows
more medical education is associated with decreased empathy among students (Newton et
al., 2008). Students in joint-degree programs (pursuing a degree other than M.D.) are also
more altruistic. On the other hand, MCAT score and the identify of medical school do not
significantly predict altruism.

1This result contrasts that from Fisman et al. (2014) who find that Blacks are more altruistic than whites
in a sample of American Life Panel members that is broadly representative of the U.S. population.
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One potential concern with including such an extensive set of covariates is multicollinearity,
especially among variables that are likely to be highly correlated, such as parental education
and income. We calculate the variance inflation factor (VIF) for each covariate in both
models, since a value of VIF higher than 10 is usually evidence for multicollinearity. The
only coefficient that has VIF slightly over 10 (11.2) is the dummy on School 5. All coefficients,
except those on school fixed effects, have VIFs less than 2.

Since all covariates in the models are categorical, we conduct joint significance tests on each
set of dummies that represent different categories of the same variable. The results are
generally consistent with those shown by the t-tests on individual dummies, such that the
only groups of dummies that are jointly statistically significant at the 10% level are race
(p < 0.01 in both models), father’s education (p = 0.08 only without controlling for medical
education) and marital status (p = 0.09 only with medical education controls).

Overall, variation in the estimated altruistic preference parameter does not seem to be well
explained by observable characteristics, as the adjusted R-squared statistics for above re-
gressions are only 0.05 and 0.07 respectively.

6.2 Comparison with American Life Panel members

It is informative to compare our descriptive results to those by Fisman et al. (2014) who
conducted the same experiment on a sample of American Life Panel (ALP) respondents
who are broadly representative of the U.S. population. Table 10.1 also report means of
experimental parameters on the ALP sample. Medical student respondents in our sample
have a mean α̂n about 0.07 higher than those in the sample examined by Fisman et al.
(2014) (p-value < 0.001 ), indicating less altruism among medical students compared to the
general U.S. population. However, those choosing specialties in the low-income category
in our sample have mean α̂n that is much close to the mean of the ALP sample. Medical
students in our sample are also much more efficiency-focused than the Fisman et al. (2014)
sample, the latter with a mean ρ̂n of approximately -1.96 (p < 0.001). This is somewhat
reassuring given the importance of the regard for efficiency in physicians’ allocation of health
care resources.

Figure 10.1 and 10.2 plot the distributions of α̂n and ρ̂n respectively for both the medical
student and ALP samples in the form of cumulative density functions (CDF). Figure 10.1
plots the CDFs starting at α̂n = 0.5, as it represents fair-mindedness and individuals with
α̂n < 0.5 are quite rare (<25% in both samples). There is a conspicuous and persistent
gap between the CDF for medical student and that for the ALP sample, with the CDF for
the medical student sample more sharply skewed to the right. This suggests that medical
student in our sample are in general less altruistic than the ALP members. Specifically, the
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CDF for medical student has a sharper jump at 1, indicating a larger fraction of medical
student with perfect selfishness than that of ALP members. Further, the rank-sum test
rejects the hypothesis that the distributions of α̂n are equal between the medical student
and ALP samples (p < 0.001). Additionally, about 69% of medical student in our sample are
efficiency-focused with ρ̂n > 0. The rank-sum test indicates that medical student are more
efficiency-focused than ALP members (p < 0.001). These patterns are presented graphically
in Figure 10.2 which shows the CDFs for ρ̂n ≥ −0.5 for both samples (less than 20% of each
sample have ρ̂n < −0.5). The distribution of ρ̂nfor medical student is again more sharply
skewed to the right compared to that for ALP members.

We use regression analysis to further examine the difference in experimentally measured
preference parameters between the medical student and ALP samples. Table 10.4 presents a
series of regressions with the primary independent variable being an indicator for whether the
individual is from the medical student sample. The specifications in the first four columns
all have α̂n, the tradeoff between self and other, as the dependent variable. The first column
presents a Tobit model that allows for censoring of α̂n at 1. The coefficient on the medical
student sample indicates that medical student sample have α̂n that are on average 0.061
higher than the ALP sample (p < 0.001), suggesting significantly lower altruism than the
latter. Columns 2 to 4 present the quantile regressions for the 25th, 50th and 75th percentiles
of α̂n. The coefficient on the medical student sample is insignificant for the 25th percentile
regression, suggesting that the percentage of individuals who are altruistic are very similar
between the two sample. By contrast, the coefficients on the medical student sample for
the 50th and 75th percentiles are positive and highly significant, especially the one for the
75th percentile which is significant at the 0.1% level. These results show that there are more
medical students who are or are close to purely selfish than the ALP sample.

In the fifth column, we present a probit specification where the dependent variable is an
indicator for being efficiency-focused (ρ̂n > 1). The coefficient on the medical student sample
is insignificant regardless of whether age and gender are controlled for. This is consistent
with Figure 10.2 which shows that the distributions of ρ̂n in fact cross each other between
MS and ALP samples.

6.3 Comparison with Yale Law School Students

In order to better understand the measured preferences of medical students, we bring in data
from an additional sample of Yale Law School (YLS) students for further comparison. Similar
to medical schools, law schools also provide advanced professional education and produce
graduates who earn high income and enjoy (relatively) high status in the American society.
Fisman et al. (2015) conducted almost identical experimental sessions on YLS students
during the spring semesters of 2007, 2010 and 2013 on three different student bodies, with a
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total of 208 subjects from all three years at the time of the experiment. The small student
enrollment (about 200 per year) and low acceptance rate (about 11%) makes Yale among the
most selective graduate law schools in the U.S.. The YLS student sample thus constitutes
another comparison group that is on par with (if not higher than) medical students in terms
of eliteness. Table 10.1 presents the summary statistics comparison between MS and YLS
samples. The basic demographics (age and gender) are very similar between the medical
student and YLS student samples, with both having mean age of approximately 25 and
close to 46% female.

Similar to the comparison with the ALP sample, Figure 10.3 plots the distributions of α̂n for
the MS and YLS samples. The CDF of α̂n of YLS students remains below that of medical
students starting from α̂n = 0.5 , with the gap widening around 0.6 and then shrinking until
the two CDFs converge around 1, suggesting that the proportion of individuals that are
perfectly selfish (α̂n = 1 ) is similar between the two samples. The rank-sum test rejects the
hypothesis that the distributions of α̂n between medical students and YLS students are equal
(p < 0.01). Figure 10.4 shows the distributions of ρ̂n for the two samples. The distribution
for YLS students is more right-skewed, indicating greater focus on efficiency. The rank-sum
test confirms that medical students are less efficiency-focused than YLS students (p<0.001).

Table 10.5 presents the regressions comparing the experimental parameters between medical
students and YLS students. In contrast to the results in Table 10.4, the coefficients on
the medical student indicator in Columns 1 to 3 are all negative and highly significant,
regardless of whether or not gender and age are controlled for. Interestingly, consistent with
the graphical results, the coefficients on medical student indicator are insignificant for the
75 percentile of α̂n, suggesting that the fractions of subjects with very high alpha are similar
between medical students and YLS students. Finally, the logit specification in Column 5
shows again that medical students are significantly less likely than YLS students to trade off
equality for efficiency.
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Chapter 7

Social Preferences and Expected
Specialty Choice

7.1 Income of Specialty Choice

Ultimately, we are interested in the extent to which altruistic preference relates to specialty
choice, as experimental estimates are meaningful only insofar as they predict behavior and
choice in real life. Figure 10.5 plots the empirical cumulative distribution functions (CDF)
of estimated α̂n for subjects choosing high- versus low-income specialties. We omit plotting
the CDFs for α̂n < 0.5, as fewer than 25% of individuals in either the high- or low-income
specialty subgroup have α̂n below 0.5, and the two CDFs very closely track each other within
this range. There is a conspicuous gap between these two distributions, with that for low-
income specialties more sharply skewed to the left than that for high-income specialties,
indicating that those choosing low-income specialties have in general higher level of altruism
than their counterparts choosing high-income specialties. As a sensitivity check, Figure A4
is a similar plot with the sample restricted to those who only choose specialties in the top
or bottom five by income. The gap between the two CDFs appears to be larger and more
conspicuous in this case.

Similarly, Figure 10.6 shows the CDFs of rho of MS subjects by the income category of
specialty choice. By contrast, the difference between the two distributions is much less
conspicuous compared to that in Figure 10.5. The distribution for low-income specialties is
only slightly above that for high-income specialties, indicating a slightly higher tendency to
focus on equality versus efficiency. A rank-sum test, however, still rejects equality of the rho
distributions in the two subsamples (p<0.05).

Table 10.6 presents the logistic regression results predicting the probability of choosing a
high-income specialty (annual average income at least $300,000, as defined in Table A1).

31



We report average marginal effects (AME), derived from the logit coefficients, and their
standard errors calculated using the delta method. For binary covariates, AME measures
the change in predicted probability of choosing high-income specialties as a result of the
covariate changing from 0 to 1, averaged across all observations in the sample. To economize
on space, we report the AMEs on a selected set of covariates. The AMEs on the full set of
covariates are presented in Table A5.

Columns (1) to (3) contain results estimated on the full sample of medical students for whom
the income category of specialty choice can be determined (i.e. the dependent variable is
not missing). We begin with a baseline specification in Column (1) where the independent
variables include only the experimental parameter estimates, α̂n and ρ̂n. In order to facilitate
comparison of effect sizes with other binary controls, we use dichotomous measures for both
parameters, i.e. indicators for whether the parameters are above their sample medians.
Medical students with α̂n above the median are on average 57.6 percentage points more likely
than those with α̂n below the median to choose specialties in the high-income category, and
the effect is significant at the 1% level. On the other hand, having ρ̂n above median does not
significantly predict the probability of choosing high-income specialties. Consistent with the
summary statistics, these results suggest that α̂n, the experimental parameter of altruism,
is a significant predictor of choosing high-income specialties.

The model in Column (2) controls additionally for socio-demographic characteristics, medical
education related characteristics (as shown in Table 10.1) and influences of length of training,
work-life balance and malpractice risk. After adding these controls, the coefficient on α̂n
above median shrinks by about two thirds to 0.186, but becomes more significant at the
0.1%. This effect size is over one third of the average probability of choosing high-income
specialties in the sample (0.49), and is over 70% of the effect size of gender (-0.26). The
coefficient on ρ̂n remains insignificant, the magnitude of which is much smaller and the
sign is reversed. In addition, being in the highest tier of MCAT score (35-45) increases the
probability of choosing high-income specialties by 27.8 percentage points compared to those
in the lowest tier (0-29). This is consistent with previous literature that finds MCAT score
to be an indicator for ability, which in turn determines a medical student’s chance of getting
a residency position in specialties that are highly competitive (Nicholson, 2002). Finally,
consistent with our theoretical model, the probability of choosing high-income specialties
decreases significantly with self-reported influence of length of training, a proxy for discount
rate.

The survey also asks directly the level of influence that high income and prestige exerts on
the students’ specialty choice. Since high income and prestige can both be considered as
personal gains from practicing medicine in a given specialty, we expect responses to these
questions to be mediators through which altruistic preferences affect specialty choice. In
other words, those who are less altruistic tend to value income and prestige more, which leads
them to desire high-income specialties (which are often more prestigious, such as surgery).
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Thus, we expect that controlling additionally for these variables in predicting specialty choice
will attenuate the effect of α̂n, but not so much as to diminish it, since valuations of high
income and prestige are at best imperfect measures of altruism and should not wipe out the
association between altruism and specialty choice if the relationship is truly robust. Indeed,
this is what we see in Column (3). Adding the influences of income and prestige to the model
cuts the AME of high α̂n in Column (2) in half. It is still marginally significant, however,
suggesting that the relationship between choosing high-income specialties and estimated
altruism preference parameter is not a spurious one. Not surprisingly, the AMEs of dummies
for influences of high income and prestige are almost all highly significant and of the expected
sign and magnitude.

In general, when an experimentally estimated preference parameter exhibits a weak relation-
ship with behavioral pattern in real life, it could either be because the relationship is indeed
a weak one, or it could be that the estimated parameter is a poor measure of the subject’s
true preference. Although the estimated relationship between α̂n and specialty choice pre-
sented so far is not exactly a weak one, we investigate the later possibility by re-estimating
the regressions in Columns (1) to (3) on a more restrictive sample of students with CCEI of
at least 0.8 (approximately 90% of the full sample). Again, since CCEI is a measure of the
internal consistency of experimental decisions for a single subject, a low CCEI indicates that
the subject may not be maximizing any utility function, rendering the α̂n and ρ̂n parameters
potentially less relevant. The results are shown in Columns (4) to (6). The AME of high α̂n
increases by about 20% in Column (5) and 26% in Column (6) after restricting the sample
to those making highly consistent decisions during the experiment. Furthermore, the ATE
of α̂n above median is still statistically significant at 0.05 level even after controlling for
influences of high income and prestige on specialty choice. The AMEs of high ρ̂n remain
small and insignificant. The AMEs of other covariates generally do not change much after
we restrict the analysis on the high-CCEI sample. However, the AMEs of having MCAT
score in the highest tier are no longer significant. A plausible explanation is that CCEI itself
is a proxy for decision quality and hence ability, and separate analysis indicates that CCEI
is a strong predictor of MCAT score.

In order to further investigate the relationship between α̂n and the probability of choosing
high-income specialties, we run additional specifications of the logistic regressions similar
to those in Column (2) and Column (4), except that the standardized scores of α̂n and ρ̂n
are used as independent variables instead of the indicators for α̂n and ρ̂n above median.
We calculate the average predicted probability of choosing high-income specialties with 95%
confidence interval over a range of values of the standardized score of α̂n and plot the results
in Figure 10.7. When the standardized score of α̂n increases from -3 to 1, which corresponds
to almost the full range of variation in the sample, the average predicted probability of
choosing high-income specialties increases nearly linearly from about 0.27 to 0.60 for the full
sample, with a slope of about 0.08. For comparison, we graph similar results with the sample
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restricted to those with CCEI>= 0.8 in Figure A5. The average predicted probability of
choosing high-income specialties increase from 0.22 to 0.61 for the high-CCEI sample, and
with tighter confidence intervals compared to the results from the unrestricted sample.

One potential concern with the regression results presented so far is the omission of close to
30% of our sample for whom the income category of expected specialty choice is undeter-
mined. Some choose specialties from both the high- and low-income categories, and some
indicate an interest in subspecialties of Internal Medicine, for instance, but did not specify
which subspecialty. In order to examine the sensitivity of our results to the exclusion of this
subsample, we run additional multinomial logit models including “undetermined income cat-
egory” as the third category. The results are presented in Table A4. Using “undetermined”
as the reference category, an increase in α̂n significantly decreases the probability of choosing
low-income specialties and increases the probability of choosing high-income specialties.

In order to examine the relationship between altruism and specialty choice in a more fine-
grained way, we present a further set of regressions with the national average income of the
chosen specialty as the dependent variable, which is continuous. Table 10.8 presents OLS
regression coefficients with the dependent variable being the continuous (instead of binary)
income measure of specialty choice. The covariates are identical to those in Table 10.6, except
that we omit reporting results from the models controlling only for experimental preference
parameters. Table 10.8 also reports results from specifications with standardized scores of
α̂n and ρ̂n as the independent variables instead of the indicators of those parameters above
median.

The pattern shown in Table 10.8 is consistent with that from Table 10.6. In particular,
Columns (1) and (4) suggest that a one-standard deviation increase in α̂n is associated with
choosing a specialty with a national annual average income that is about $17,600 higher
among the full sample, and $21,400 among the high-CCEI sample. In addition, Columns (2)
and (5) show that having a high α̂n (above median) is associated with choosing a specialty
with a national annual average income that is $36,700 higher on average compared to the
low-α̂n group among the full sample and $43,100 among the high-CCEI sample. All of the
above coefficients are highly significant at the 0.1% level. Interestingly, both the magnitude
and significance of the coefficients on measures of α̂n actually increase after adding other
controls of individual characteristics, compared to no controls (results not shown). Columns
(3) and (6) present coefficients from regressions that control additionally for influences of
high income and prestige on specialty choice. Again, adding these mediators decreases the
magnitude of the coefficients on high α̂n for both the full sample and the high-CCEI sample
by close to 40%, with both coefficients remain significant at the 5% level. This suggests a
robust relationship between altruism as measured by α̂n and the income of one’s expected
specialty choice.

Some results on other covariates in the regressions are also noteworthy. Female students
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choose specialties that on average earn around $50,000 less relative to male students, while
the difference drops down to approximately $35,000 after influences of high income and
prestige are controlled for. The income of expected specialty choice decreases with the
influence of length of training, although the magnitude and significance of the coefficient on
“strong” influence of length of training is somewhat lower than that on “moderate” influence.
This is very likely due to the small cell size in the former category (hence lack of statistical
power), as only 28 students (5%) report being “strongly” influenced by length of training
in their specialty choice. On the other hand, the coefficients on influences of high income
and prestige are all of the expected sign and magnitude. “Moderate” influence of income
or prestige is associated with an increase of approximately $40,000 to $44,000 in income of
expected specialty, and “strong” influence of income or prestige is associated with an increase
of about $72,000 to $96,000 in income of expected specialty, compared to the “no” influence
category on these factors. Interestingly, MCAT score does not seem to predict income of
expected specialty choice.

To better understand the predictive power of our experimental construct of altruism, α̂n, we
calculate the partial R-squared and partial F -statistics for measures of α̂n against a base-
line model, and compare them with those for other characteristics that are considered in
general or by previous literature to predict specialty choice. Partial R-squared statistic of
a given variable (or a set of variables) measures the percentage of the unexplained varia-
tion in the dependent variable from the baseline model (without controlling for the given
variable(s)) that can be explained by the given variable(s). Partial F -statistic, on the other
hand, provides a measure of the statistical significance of the increase in explanatory power
with adjustment for degrees of freedom, as R-squared itself always increases with additional
independent variables regardless of their explanatory power. We conduct this analysis using
OLS regressions predicting the income of expected specialty choice. Table A6 presents the
results. The baseline model includes age, gender, race, years of medical education completed
and school fixed effects. Among the variables we examined, the dummies on father’s ed-
ucation have the biggest partial R-squared (0.045), followed by the dummies on mother’s
education (0.026), the indicator for α̂n above median (0.022) and standardized score of α̂n
(0.020). The partial F -statistics, however, suggest that the increase in R-squared is the most
significant for α̂n as the indicator (p = 0.0039), followed by dummies of father’s education
(p = 0.0043) and the standardized score of α̂n (p = 0.0053). None of the other predictors
have F -statistics significant at the 5% level.

7.2 Primary Care Specialties

Table 10.7 shows results from a similar set of regressions to those in Table 10.6, with the
dependent variable being the probability of choosing primary care specialties. Essentially, we
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are interested in knowing whether the nature of primary care specialties attracts particularly
altruistic medical students. The AME of α̂n above median is statistically indistinguishable
from zero for all specifications. Nonetheless, the coefficients are all negative, which is con-
sistent with the expectation that primary care specialties, the income for which are at the
lowest end, tend to attract those who are more altruistic (of lower α̂n). Having MCAT score
in the middle tier (30-34) has a marginally significant and negative effect on the probability
of choosing primary care specialties compared to the lowest tier. Indication of moderate
influence of length of training (as opposed to no influence) has an effect of similar magnitude
and significant but the opposite sign.

One potential explanation for the largely insignificant AMEs in this set of regressions is
the lack of power, as only about 14% of respondents choose primary care specialties in our
survey. However, these results preclude a strong relationship between altruism and the choice
of primary care specialties, as we still observe again large and significantly negative effects
of the level of influences of income and prestige on the probability of choosing primary care
specialties.

The classification of specialties into high- versus. low-income categories or into primary care
versus. non-primary care categories masks the heterogeneity of altruistic preferences within
each category of specialty choice. As an illustration, Figure A6 presents a visualization of
the summary statistics of α̂n broken down for six key specialties and specialty groups. The
specialties and specialties are ordered from left to right by annual average income in Table
A1, with the left three belong to the high-income specialties and right three the low-income
specialties. There is generally substantial variation in altruistic preferences among students
choosing the same specialty or specialty group, as illustrated by the differences between the
25th and 75th percentiles of α̂n. In addition, Obstetrics & Gynecology which is classified as
a low-income specialty has mean α̂n higher than General Surgery, a high-income specialty.
Moreover, those who choose Emergency Medicine have mean α̂n lower than those choosing
Primary Care specialties, which is consistent with the findings in Table 10.6 that those
choosing primary care specialties are not necessarily the most altruistic on average. It is
also the case that those choosing specialties with the highest and lowest income have the
tightest 95% confidence intervals of mean α̂n. Nevertheless, Figure A6 should be interpreted
with caution as the limited number of students choosing each specialty (typically fewer than
20) prohibits drawing definite conclusion about difference in altruistic preferences across
individual specialties.
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Chapter 8

Social Preferences and Additional
Career-related Outcomes

8.1 Medical School Ranking

We now focus on the results that associate the measured preference parameters with the
tier ranking of medical schools. We divide the nine medical schools in our sample into two
tiers, with three schools in Tier 1 that are ranked among the top ten in the nation according
to the 2015 U.S. News research rankings of medical schools. The remaining six schools are
classified as Tier 2. The numbers of medical student subjects in Tier 1 and 2 schools are 103
and 400, respectively.

Figure 10.8 and 9 present the CDFs of α̂n and ρ̂n respectively for medical student by school
tier. Figure 10.8 shows that the CDF of α̂n for those in Tier 1 schools is more skewed
to the right compared to the CDF for those in Tier 2, suggesting that medical student in
top ten medical schools are less altruistic than their counterparts in lower-ranking schools.
This difference is confirmed by the rank-sum test which rejects the hypothesis that the
distributions of α̂n between the medical student in Tier 1 schools and those in Tier 2 schools
are equal (p < 0.01). In addition, as shown in Figure 10.9, the distribution of ρ̂n for students
in Tier 1 schools is again more sharply skewed to the right, indicating higher focus on
efficiency versus equality (p < 0.05).

Table 10.9 presents the comparison results in a regression framework. The specifications in
Panel A are almost identical to those in Table 10.4, except that the analytical sample consists
of medical student only, and the main independent variable is an indicator for being in a
Tier 1 medical school. The first column in Panel A shows that those medical student in the
top ten medical schools have α̂n that are on average 0.063 higher than those in lower-ranking
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medical schools (p < 0.05), suggesting lower altruism. The regressions in Panel B control
additionally for age and gender, and the coefficient on higher-tier schools in the first column
is almost identical after adding the controls.

On the other hand, the only coefficient on higher-ranking schools that is significant among
the three quantile regressions is the one in the 50th percentile regression, both the magnitude
and significance of which drops down after age and gender are controlled for. However, the
coefficient in the probit specification suggests that those in the top ten medical schools are
12 percentage points more likely to be efficiency-focused than those in lower-ranking medical
schools (p < 0.05), and controlling for demographics barely changes the difference.

8.2 Likelihood of Practicing Medicine in an Underserved
Area

The validity and relevance of α̂n may be further strengthened if it helps predict other real-
life decisions. In the survey, we ask medical students how likely they will practice medicine
in an underserved area after they graduate. There are four categories of responses: very
unlikely, somewhat unlikely, somewhat likely, very likely. One would expect the response to
this question to be affected by the medical student’s altruistic preferences. We run ordered
logit models with the self-reported likelihood of practicing medicine in an underserved area
as the dependent variable. We group the middle two categories of response (“somewhat
unlikely” and “somewhat likely”) together as the reference outcome to increase power, as
separate analysis does not find significant difference in α̂n between these two groups.

Table 10.10 reports AMEs of having α̂n and ρ̂n above median on the two more extreme
responses, “very unlikely” and “very likely” to practice medicine in an underserved area.
Columns (1) and (2) report results for the full sample. The coefficients on α̂n above median
are all of the same signs as one might expect. In the full sample, without controlling for
additional individual characteristics (Column (1)), those with α̂n above median are on aver-
age 4.6 percentage points more likely to choose “very likely” and 6.3 percentage points less
likely to choose “very unlikely” than those with α̂n below median. Both AMEs are signifi-
cant at the 5% level, and the magnitude is nontrivial given the mean probability of 10% in
answering “very likely” and 14% in answering “very unlikely” to this question (Table 10.1).
On the other hand, having ρ̂n above median does not seem to be significantly associated
with either response. However, after the controls are added (Column (2)), the AMEs of α̂n
above median become more significant at the 1% level with slightly larger magnitude, and
the AMEs of ρ̂n above median are significant at the 1% level with the magnitude almost
doubles. This later result could suggest that those who have regards for efficiency consider
it to be more efficient to spend medical resource in an underserved area. When we restrict
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the sample to those with high CCEI, the results are qualitatively the same with somewhat
larger magnitude in certain AMEs.
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Chapter 9

Discussion and Conclusion

9.1 Discussion and Policy Implications

The social preferences of (future) physicians are of particular policy interest, because of
the importance of the concern for patient welfare and the regard for social efficiency in the
medical profession. We adopt an experimental method that allows us to measure medical
students’ altruistic preference, i.e. the tradeoff between self and other, as well as the tradeoff
between efficiency and equality. We find heterogeneous altruistic preferences among our
sample of medical student subjects measured by the experimental estimate (α̂n). While
observable characteristics in general explain very little of the variation in social preferences
among medical students, those in higher-ranking medical schools are less altruistic and more
focused on efficiency than their counterparts in lower-ranking medical schools.

In order to interpret these preferences against proper benchmarks, we compare the measured
social preferences of medical students with those of a general sample of the U.S. population
drawn from the RAND American Life Panel. We find that medical students in our sam-
ple are on average less altruistic than those of the ALP sample, and are quite similar in
efficiency preferences compared to the latter. We also compare social preferences between
medical students and a comparable elite sample of Yale Law School students, and find that
medical students are more altruistic and less efficiency-focused than the latter. Using quan-
tile regressions, we also uncover the heterogeneity in altruism preferences among medical
students as compared to the other two samples: while the percentage of individuals who are
fair-minded is similar between the MS and ALP sample, the percentage of those who are
close to perfectly selfish is similar between MS and YLS samples.

Further, we use social preferences to predict expected specialty choice of medical students,
as different specialties represent distinct career paths that potentially involve differential
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tradeoffs between self and other. Our estimated altruistic preference parameter significantly
predicts the choice of high-income specialties. The relationship is robust to controlling
for an extensive set of individual observable characteristics, changing the income measure
of specialty from binary to continuous, and adding controls for stated preferences about
specialty income and prestige. The relationship becomes even stronger when we restrict the
sample to the approximately 90% of medical students whose decisions during the experiment
are shown to be more consistent with utility maximization. Higher degree of altruism and
higher regard for efficiency also significantly and positively predicts self-reported likelihood
of practicing medicine in an underserved area. On the other hand, altruism is not a strong
predictor of going into a primary care specialty.

Taken together, results of our study raise potential concern about the level of altruism ex-
hibited among future physicians, especially those who are enrolled in medical schools with
elite status and who aim to enter into specialties with higher income. The preferences of
medical students who graduate from the top ten medical schools are especially likely to ex-
ert important influence on practice patterns and healthcare policy at large. For instance,
three of the five current physician members of the Medicare Payment Advisory Commission
(MedPAC), an expert panel advising the Congress on Medicare issues, obtained their med-
ical degree from medical schools that are among the top ten according to the U.S. News
research ranking of medical schools1. In addition, consequences of lack of altruism may be
especially severe among high-income specialties because of the potentially high volume of
expensive procedures prescribed by these physicians, and their implications to the healthcare
expenditure in the U.S (Bodenheimer, 2005).

Although this study does not establish a direct link between the experimental estimate of
altruism and physicians’ on-the-job decision-making, two characteristics of the study lend
credibility to the relevance of our particular experimental method in the clinical or industrial
environment of a physician’s job. First, the neutrality of the choice setting in this experi-
ment may actually be an advantage, since it minimizes the possibility of any confounding
effect due to the subject’s preexisting perception of “the other”. This is an advantage over
earlier experiments on medical students such as the one conducted in Hennig-Schmidt et
al. (2011) in which subjects are effectively choosing between money for self versus donation
to a particular charity organization supporting surgical treatments of cataract patients in a
particular hospital. Unless general altruistic preference of medical students is not relevant
to their on-the-job behavior beyond specialty choice, results from our experiment are infor-
mative of the degree of altruism that medical students are expected to exhibit in the clinical
setting. Second, it is the relative rather than absolute magnitude of the preference estimates
that matters, and it is much more plausible, for instance, that subjects who exhibit more
altruism in the experiment (compared to the average) will behave so in reality in relative

1Information on the graduating medical schools of the MedPAC physician members can be found on the
MedPAC website: http://medpac.gov/-about-medpac-/commission-members.
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terms.

The current study informs policy discourse on medical education, medical professionalism
and the healthcare system in several ways. During the recent decade, medical schools have
begun to adopt a more holistic approach in the screening process, which evaluates candidates
based on a more comprehensive list of traits instead of only academic performance (Witzburg
and Sondheimer, 2013). Our study points to the importance of emphasizing altruism (or its
proxies) in this process. For instance, medical schools may consider enhancing the weight on
volunteer history or similar activities in the admissions process to positively select candidates
who are more likely to be altruistic. In addition, the experimental approach used in this
study may serve as a post hoc assessment tool for the effectiveness of the screening process
in selecting altruistic candidates. The significance of the experimental measure of altruism
in predicting both specialty choice and the intention to practice medicine in an underserve
area without adjusting for other covariates speaks to the validity of such an assessment tool.

Moreover, more specialty-specific reforms are warranted as high-income specialties are found
to disproportionally attract less altruistic students. Simply decreasing gaps in reimburse-
ment rates across specialties may not be sufficient, as larger room for selfish personal gains
in certain specialties may be the driving factor behind growing differences in income across
specialties, such as the opportunities of performing elective procedures and offering ancillary
services. Besides fee reductions and other performance-based payment reforms, more strin-
gent medical utilization review or auditing processes targeted at certain specialists may be
considered, beyond those currently used by managed care insurance plans. The recent uti-
lization review reform embedded in the Patient Protection and Affordable Care Act largely
focuses on establishing a standardized external review process to resolve the conflicts between
insurance plans and consumers regarding denial of medical coverage (Mevorak, 2012). How-
ever, medical facilities or self-employed physicians with high market power are often subject
to little control by either insurance companies or patient demand. Reform approaches better
targeted at physicians most likely to display less altruistic approaches may be recommended.

More research is needed before evidence of the type presented in this paper can be used
to inform specific reform approaches. The most immediate policy relevance of this study
is to present unique evidence that helps inform the urgency and aggressiveness in the ac-
tions that policymakers may want to pursue in transforming the specialty composition of
U.S. physicians. This transformation may be done through both tightened regulation of
specialty-specific practice and re-allocation of residency positions across specialties. At the
very minimum, this study serves to highlight the variation in altruistic preferences across
medical specialties and demonstrates the importance of treating different specialties as dis-
tinct professions in research and policymaking.
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9.2 Limitations

This study is subject to at least two major limitations. First and foremost, we cannot claim
that MS subjects who participated in our experiment constitute a representative sample of
all MS in the U.S., as participation in the experiment is by no means random. Important
differences may exist between those who chose to participate and those who did not. Unfor-
tunately, we do not have data on MS from the same medical schools who did not participate
in the experiment. Further, it is also challenging to even predict the direction of the poten-
tial bias. For instance, it may be the case that MS who participated in the experiment are
more altruistic than their peers since they had an intention to help the researchers or the
anonymous ALP member (although the latter is clearly not the case for about 20% of them
shown to be perfectly selfish). In this case we would have overestimated the altruism level
among MS. It is also possible that the experimental subjects are more selfish than those who
did not participate in the experiment, and obtaining money for themselves is the primary
reason for their participation, which would lead us to underestimate the altruism preferences
of MS.

Although we do not have a direct method to address the issue of selection bias, we provide
some evidence of the comparability of our sample to the general MS population. Table A7
present summary statistics on gender as well as race and ethnicity for the MS in our sample
and those in the 2014 American Association of Medical Colleges (AAMC) Matriculation Sur-
vey sample. The latter includes more than 15,000 students and is considered a representative
sample of the matriculation MS. Reassuringly, for the two demographic characteristics on
which we have information on both samples, the summary statistics look reasonably similar.
Our sample has slightly lower percentage of female students than the AAMC sample (46%
vs. 50%). In terms of race and ethnicity, a higher proportion of our sample are Asians
(27% vs. 22%) and a slightly lower proportion are Blacks or Hispanics (4% vs. 7%, 6% vs.
9%), which is mostly likely because medical schools in California are over-represented in our
sample. However, the percentage of those who are White are very similar between the two
samples (63% vs. 64%).

The second limitation is that our measure of specialty choice is self-reported, and it is likely
that, especially for MS in lower years, the actual practice specialty will be different due
to changes in interests or other circumstances. However, this issue is less likely to pose a
significant threat to the validity of our results, for two reasons. First, previous literature
shows that nearly 70% of the medical school graduates’ early specialty choices remain stable,
provided that they were asked to report one or more possible specialties in the early years
of medical school instead of only reporting one (Carline and Greer, 1991). Second, even
if many MS indeed change their actual practice specialties along the way, our outcome
is simply going to be a nosier measure of specialty choice. It would only lead to bias if
the deviation of reported specialty from actual specialty is systematically correlated with
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altruistic preferences. This is a much less likely scenario, although it is not impossible and
there is no way to test this using only cross-sectional data. However, we did ask MS to
provide their names at the end of the survey which would allow us to then continue tracking
these individuals after they graduate and the practice specialty is determined.

9.3 Future Research

Perhaps the most exciting aspect of the current study that it opens up many possibilities
for future research. So far we have only been able to measure social preferences of medical
student instead of practicing physicians largely because of budget and time constraints. In
the future, we aim to measure social preferences of practicing physicians which would then
allow us to directly link these preferences to other important decisions along a physician’s
career path, such as choice of practice setting, insurance accepted as well as practice patterns.
It would also allow us to examine such policy-relevant issues as heterogeneous responses to
alternative payment incentives as well as patient outcomes by physicians’ social preferences.

There are however several caveats in implementing similar experimental designs among prac-
ticing physicians. The first is the scale of payoff. Obviously, the effectiveness of the modified
dictator game depends critically on the amount of payoff which needs to be meaningfully
large in order to elicit the underlying social preferences of the experimental subjects. For
medical students, we calibrated the payoff such that the average hourly pay amounts to the
national average residency wage rate. For practicing physicians, the payoff will need to be
much higher to be proportional to their pay level.

Secondly, as explained previously in the study, we specify the other recipient of the exper-
imental payoff to be a random individual in the ALP in order to create a neutral choice
setting. One may contemplate alternative experimental designs where the experimental sub-
ject is asked to allocate money between self and a patient or a charity organization instead
of an anonymous stranger. For instance, Lagarde and Blaauw (2013) compare basic dicta-
tor games where different recipients are specified (a patient, a poor individual and a peer)
implemented on nurse students in South Africa, and conclude that generosity towards a
patient (rather than a poor or a peer) predicts subsequent choice of practicing in the rural
area. Given the multiple real-life outcomes that we are interested in linking to physicians’
social preferences, it is important to understand the implications of alternative experimental
designs in relation to different outcomes.

Thirdly, selection bias is always a major concern given the challenge to obtain a representative
sample. This is especially the case when one attempts to recruit physician subjects from
different practice settings. While we adopted the same method to recruit MS subjects
from different medical schools, we may need to vary recruitment strategies depending on the
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practice setting of physicians, such as hospital versus private practice. This could potentially
introduce more complications especially since we are interested in examining differences in
social preferences by practice setting. Carefully designed pilot studies are necessary in order
to understand the effect of different sampling methods and determine the most appropriate
approach.
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Chapter 10

Tables and Figures

Figure 10.1: Cumulative Distributions of Estimated α̂n Parameters in the Medical Student
and American Life Panel Samples
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Note: α̂n measures altruism: the relative utility weight placed on one’s own payoff versus the payoff to other.
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Figure 10.2: Cumulative Distributions of Estimated ρ̂n Parameters in the Medical Student
and American Life Panel Samples
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Note: ρ̂n measures the tradeoff between efficiency and equality; ρ̂n values closer to 1 indicate greater efficiency
focus.
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Figure 10.3: Cumulative Distributions of Estimated α̂n Parameters in the Medical Student
and Yale Law School Student Samples
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Note: α̂n measures altruism: the relative utility weight placed on one’s own payoff versus the payoff to other.

53



Figure 10.4: Cumulative Distributions of Estimated ρ̂n Parameters in the Medical Student
and Yale Law School Student Samples
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Note: ρ̂n measures the tradeoff between efficiency and equality; ρ̂n values closer to 1 indicate greater efficiency
focus.

54



Figure 10.5: Cumulative Distributions of Estimated α̂n by Expected Specialty Choice: High-
vs. Low-income Specialties

.2
.4

.6
.8

1
C

u
m

u
la

ti
v
e
 D

e
n
s
it
y

.5 .6 .7 .8 .9 1
Estimated α parameter

Low−income Specialties

High−income Specialties

Note: The cumulative distribution functions of α̂n are for the subsample choosing exclusively high-income
specialties (national annual average income ≥ $300,000, see Table A1) as their desired future specialties
in our survey, and for those choosing exclusively low-income specialties (national annual average income <
$300,000, see Table A1) as their desired future specialties.
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Figure 10.6: Cumulative Distributions of Estimated ρ̂n by Expected Specialty Choice: High-
vs. Low-income Specialties

0
.2

.4
.6

.8
1

C
u
m

u
la

ti
v
e
 D

e
n
s
it
y

−5 −4 −3 −2 −1 0 1
Estimated ρ parameter

Low−income Specialties

High−income Specialties

Note: The cumulative distribution functions of ρ̂n are for the subsample choosing exclusively high-income
specialties (national annual average income ≥ $300,000, see Table A1) as their desired future specialties
in our survey, and for those choosing exclusively low-income specialties (national annual average income <
$300,000, see Table A1) as their desired future specialties.
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Figure 10.7: Predicted Probability of Choosing a high-income Specialty as a Function of
Standardized Score of α̂n
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Note: Graphed probabilities are average predicted probabilities of choosing exclusively high-income special-
ties in our survey, derived from logistic regressions that are identical to the one in Column (2) of Table 10.6,
except that the standardized score of α̂n is used in place of an indicator for α̂n above median. The average
predicted probabilities are obtained by varying the value of the standardized score of α̂n from −3 to 1 at
intervals of 0.1, given all other control variables in the regressions. Gray area is 95% confidence interval
band.
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Figure 10.8: Cumulative Distributions of α̂n in the Medical Student Sample, by Medical
School Tier
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Note: Tier 1 medical schools are those that are in the top 10 of the 2015 U.S. News rankings of American
medical schools by research; Tier 2 medical schools are those that are outside of the top 10 in the same
rankings.
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Figure 10.9: Cumulative Distributions of ρ̂n in the Medical Student Sample, by Medical
School Tier
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Note: The classification of medical school tiers is the same as that in Figure 10.8.
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Table 10.1: Summary Statistics on Medical Students
(MS), American Life Panel (ALP) Members and Yale
Law School (YLS) Students

Comparison across Comparison within medical students
subject pools Medical school tier Specialty income

MS ALP YLS Tier 1 Tier 2 Low High
(1) (2) (3) (4) (5) (6) (7)

Age 25.044 29.862 25.377 25.214 25.000 25.454 25.166
Female 0.455 0.702 0.468 0.485 0.448 0.546 0.315
Completed college 1.000 0.527 1.000 1.000 1.000 1.000 1.000
Race & Ethnicity
Asian 0.266 0.398 0.233 0.189 0.271
Black 0.040 0.078 0.030 0.032 0.055
Hispanic 0.058 0.039 0.062 0.086 0.033
Native American 0.010 0.010 0.010 0.005 0.022
Other Race 0.066 0.068 0.065 0.054 0.066
White 0.632 0.456 0.677 0.697 0.630

Type of area grew up
City 0.197 0.194 0.198 0.232 0.171
Suburb 0.638 0.670 0.630 0.562 0.696
Town 0.105 0.107 0.105 0.135 0.061
Rural Area 0.060 0.029 0.068 0.070 0.072

Grew up in a religious home 0.590 0.330 0.657 0.595 0.619
Total parental income
Less than $50, 000 0.103 0.155 0.090 0.103 0.088
$50, 000− $99, 999 0.189 0.184 0.190 0.222 0.188
$100, 000− $149, 999 0.179 0.107 0.198 0.151 0.171
$150, 000− $199, 999 0.111 0.097 0.115 0.124 0.116
$200, 000− $249, 999 0.093 0.107 0.090 0.097 0.077
$250, 000 or more 0.147 0.146 0.147 0.146 0.177

Father’s education
Less than high school 0.026 0.049 0.020 0.049 0.022
Finished high school 0.070 0.068 0.070 0.059 0.066
Some college 0.080 0.029 0.092 0.070 0.099
College degree 0.286 0.214 0.305 0.281 0.276
Graduate degree 0.523 0.631 0.495 0.519 0.519

Mother’s education
Less than high school 0.024 0.039 0.020 0.032 0.028
Finished high school 0.070 0.019 0.083 0.092 0.044
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Some college 0.151 0.184 0.142 0.135 0.182
College degree 0.350 0.262 0.372 0.378 0.337
Graduate degree 0.402 0.485 0.380 0.362 0.398

Father is physician 0.131 0.107 0.138 0.108 0.166
Mother is physician 0.044 0.068 0.037 0.032 0.050
Marital status
Single 0.819 0.903 0.797 0.784 0.829
Married 0.173 0.087 0.195 0.205 0.160
Divorced or Widowed 0.008 0.010 0.007 0.011 0.011

Years of medical education completed
Less than one year 0.294 0.233 0.310 0.238 0.282
One year 0.235 0.184 0.247 0.232 0.210
Two years 0.165 0.126 0.175 0.195 0.155
Three years 0.247 0.291 0.235 0.276 0.254
Four years or more 0.060 0.165 0.033 0.059 0.099

Joint degree program 0.175 0.330 0.135 0.195 0.188
MCAT score
3− 29 0.207 0.019 0.255 0.281 0.149
30− 34 0.419 0.175 0.482 0.465 0.398
35− 45 0.324 0.728 0.220 0.227 0.398

Outstanding student loan
$0 0.241 0.252 0.237 0.227 0.249
Less than $50, 000 0.250 0.320 0.233 0.205 0.243
$50, 000− $99, 999 0.221 0.214 0.223 0.232 0.193
$100, 000− $199, 999 0.209 0.165 0.220 0.249 0.204
$200, 000− $299, 999 0.070 0.029 0.080 0.076 0.094
$300, 000 or more 0.010 0.019 0.007 0.011 0.017

Observations 503 188 207 103 400 185 181

Note: Means of variables are reported. Columns (1) to (3) report means over the full samples of medical
students, American Life Panel members and Yale Law School students respectively. Column (4) report
means over the MS subsample enrolled in Tier 1 medical schools, defined as the top ten ranked medical
schools in the U.S. according to the 2015 US News Research Ranking of medical schools; column (5) report
means over the MS subsample enrolled in Tier 2 medical schools, defined as any school outside of the top
ten ranked medical schools in the U.S. according to the 2015 US News Research Ranking of medical schools.
Column (6) report means over the MS subsample choosing exclusively low-income specialties (annual average
income< $300, 000, see Table A1) as their desired specialties in our survey; column (7) reports means over
the subsample choosing exclusively in high-income specialties (annual average income≥ $300, 000, see Table
A1) as their desired specialties.
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Table 10.2: Means of Experimental Parameter Estimates
N CCEI α̂n ρ̂n

Range [0, 1] [0, 1] (−∞, 1)

Panel A. MS, ALP and YLS samples
MS 503 0.93 0.72 -1.15
ALP 188 0.87 0.65 -1.96
YLS 207 0.95 0.79 -0.18
p-value: MS vs. ALP 0.00∗∗∗∗ 0.00∗∗∗∗ 0.00∗∗∗∗
p-value: MS vs. YLS 0.00∗∗∗∗ 0.00∗∗∗ 0.00∗∗∗∗

Panel B. MS sample: high- vs. low-income specialties
High-income specialties 181 0.94 0.74 -0.70
Low-income specialties 185 0.93 0.68 -1.45
p-value 0.09∗ 0.02∗∗ 0.05∗

Panel C. MS sample: Tier 1 vs. Tier 2 medical schools
Tier 1 schools 103 0.95 0.77 -0.66
Tier 2 schools 400 0.92 0.71 -1.27
p-value 0.00∗∗∗∗ 0.01∗∗∗ 0.02∗∗

Note: Panel A reports summary statistics of estimated experimental parameters for the full samples of MS,
ALP and YLS respondents; Panel B reports means separately for those choosing exclusively high-income
specialties and those choosing exclusively low-income specialties as their desired future specialties in our
survey; Panel C reports means separately for those in Tier 1 and Tier 2 medical schools, defined in the same
way as in Table 10.1. P-values are from Wilcoxon rank-sum tests. ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 ,
∗∗∗∗ p < 0.001 .
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Table 10.3: OLS Regressions Predicting the Standardized
Score of α̂n

No medical education With medical education
controls controls

(1) (2) (3) (4)
Coefficient Std.

Error
Coefficient Std.

Error
Female 0.110 (0.093) 0.063 (0.097)
Age

21-25 (omitted) - (-) - (-)
26-30 -0.140 (0.108) -0.236∗ (0.121)
31+ -0.167 (0.233) -0.158 (0.246)
Race
White (omitted) - (-) - (-)
Asian 0.301∗∗∗ (0.115) 0.284∗∗ (0.117)
Black 0.498∗∗ (0.221) 0.501∗∗ (0.223)
Hispanic -0.034 (0.199) -0.026 (0.217)
Native American 0.028 (0.500) 0.150 (0.448)
Other Race 0.586∗∗∗∗ (0.161) 0.568∗∗∗∗ (0.165)
Area grew up
City (omitted) - (-) - (-)
Suburb -0.003 (0.123) -0.079 (0.119)
Town -0.092 (0.187) -0.242 (0.188)
Rural Area 0.288 (0.225) 0.261 (0.237)

Grew up in a religious home -0.069 (0.095) -0.108 (0.096)
Total parental gross income

$50,000 - $99,999 (omitted) - (-) - (-)
Less than $50,000 0.031 (0.176) 0.007 (0.182)
$100,000 - $149,999 0.278∗ (0.161) 0.310∗ (0.162)
$150,000 - $199,999 0.179 (0.178) 0.153 (0.175)
$200,000 - $249,999 -0.251 (0.202) -0.230 (0.212)
$250,000 or more 0.033 (0.190) 0.074 (0.193)

Father’s education
College degree (omitted) - (-) - (-)
Less than high school 0.193 (0.344) 0.208 (0.350)
Finished high school 0.310 (0.198) 0.259 (0.198)
Some college 0.011 (0.182) 0.062 (0.181)
Graduate or professional degree 0.342∗∗∗ (0.119) 0.330∗∗∗ (0.121)

Mother’s education
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College degree (omitted) - (-) - (-)
Less than high school 0.645∗∗ (0.319) 0.506 (0.339)
Finished high school -0.159 (0.188) -0.210 (0.199)
Some college 0.213 (0.143) 0.151 (0.147)
Graduate or professional degree -0.023 (0.111) -0.025 (0.109)

Father is physician -0.100 (0.169) -0.040 (0.167)
Mother is physician -0.138 (0.241) -0.220 (0.236)
Marital status

Single (omitted) - (-) - (-)
Married 0.247∗ (0.129) 0.282∗∗ (0.133)
Divorced or widowed 0.295 (0.600) 0.378 (0.634)

MCAT score
3− 29 (omitted) - (-)
30− 34 0.060 (0.142)
35− 45 -0.219 (0.190)

Years of medical education
Less than one year (omitted) - (-)
One year 0.150 (0.136)
Two years 0.244 (0.151)
Three years 0.066 (0.132)
Four years or more 0.433∗∗ (0.220)

Joint degree program -0.299∗∗ (0.147)
School fixed effects

School 1 (omitted) - (-)
School 2 0.250 (0.380)
School 3 0.445 (0.422)
School 4 -0.025 (0.384)
School 5 -0.002 (0.371)
School 6 -0.011 (0.407)
School 7 -0.280 (0.380)
School 8 0.216 (0.417)
School 9 -0.098 (0.398)

Constant -0.449∗∗ (0.216) -0.323 (0.460)
Mean of Dep Var 0.00 0.00
Number of Observations 503 503
Adjusted R2 0.05 0.07
(Continued on next page)
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(Continued from last page)
Note: Column (1) reports OLS regression coefficients from the specification including only the subject’s
socio-demographic characteristics as covariates; column (3) reports OLS regression coefficients from the
specification including both the subject’s socio-demographic characteristics and medical education-related
characteristics. Robust standard errors are in parenthesis in Columns (2) and (4). ∗ p < 0.1 , ∗∗ p < 0.05 ,
∗∗∗ p < 0.01 , ∗∗∗∗ p < 0.001 .
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Table 10.4: Regressions Comparing Estimated CES Parameters between Medical Students
and American Life Panel Members

Specifications OLS Quantile Regressions Logit
25th 50th 75th

Dependent Variables α̂n α̂n α̂n α̂n I(ρ̂n > 0)
(1) (2) (3) (4) (5)

Panel A: without controls
American Life Panel member (omitted)
Medical student 0.061∗∗∗∗ 0.015 0.100∗∗ 0.192∗∗∗∗ 0.130

(0.017) (0.012) (0.039) (0.030) (0.107)
Constant 0.657∗∗∗∗ 0.510∗∗∗∗ 0.588∗∗∗∗ 0.783∗∗∗∗ 0.053

(0.014) (0.011) (0.034) (0.026) (0.092)
Observations 691 691 691 691 691
Panel B: with controls for age and gender
American Life Panel member (omitted)
Medical student 0.055∗∗ 0.015 0.097∗∗ 0.151∗∗∗∗ -0.084

(0.023) (0.015) (0.048) (0.036) (0.140)
Constant 0.632∗∗∗∗ 0.505∗∗∗∗ 0.555∗∗∗∗ 0.760∗∗∗∗ 0.304∗∗

(0.022) (0.016) (0.050) (0.037) (0.147)
Observations 691 691 691 691 691
Note: standard errors are in parenthesis. ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 , ∗∗∗∗ p < 0.001 .
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Table 10.5: Regressions Comparing Estimated CES parameters between Medical Students
and Yale Law Students

Specifications OLS Quantile Regressions Logit
25th 50th 75th

Dependent Variables α̂n α̂n α̂n α̂n I(ρ̂n > 0)
(1) (2) (3) (4) (5)

Panel A: without controls
Yale law student (omitted)
Medical student -0.069∗∗∗∗ -0.111∗∗∗∗ -0.110∗∗∗ -0.014 -0.584∗∗∗

(0.016) (0.017) (0.039) (0.023) (0.198)
Constant 0.786∗∗∗∗ 0.636∗∗∗∗ 0.798∗∗∗∗ 0.989∗∗∗∗ 1.374∗∗∗∗

(0.012) (0.014) (0.033) (0.019) (0.173)
Observations 711 711 711 711 711
Panel B: with controls for age and gender
Yale law student (omitted)
Medical student -0.069∗∗∗∗ -0.115∗∗∗∗ -0.092∗∗ -0.020 -0.617∗∗∗

(0.016) (0.016) (0.038) (0.022) (0.204)
Constant 0.781∗∗∗∗ 0.633∗∗∗∗ 0.786∗∗∗∗ 0.989∗∗∗∗ 1.837∗∗∗∗

(0.017) (0.017) (0.039) (0.023) (0.219)
Observations 708 708 708 708 708
Note: standard errors are in parenthesis. ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 , ∗∗∗∗ p < 0.001 .
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Table 10.6: Average Marginal Effects from Logistic Re-
gressions Predicting Choosing High-income Specialties

All CCEI≥ 0.8

(1) (2) (3) (4) (5) (6)
α̂n above median 0.576∗∗∗ 0.186∗∗∗∗ 0.089∗ 0.637∗∗∗ 0.222∗∗∗∗ 0.112∗∗

(0.213) (0.049) (0.047) (0.223) (0.051) (0.048)
ρ̂n above median 0.219 -0.044 -0.043 0.355 -0.027 -0.029

(0.213) (0.050) (0.045) (0.224) (0.053) (0.048)
Female -0.260∗∗∗∗ -0.160∗∗∗ -0.268∗∗∗∗ -0.142∗∗∗

(0.053) (0.051) (0.056) (0.053)

MCAT score range (omitted category:[21, 25] )
[30, 34] 0.091 0.083 0.072 0.054

(0.075) (0.068) (0.079) (0.070)
[35, 45] 0.227∗∗ 0.191∗∗ 0.170∗ 0.128

(0.097) (0.085) (0.099) (0.086)

Influence of length of training (omitted category: No Influence)
Minor -0.197∗∗∗ -0.190∗∗∗ -0.172∗∗ -0.157∗∗

(0.064) (0.057) (0.070) (0.060)
Moderate -0.376∗∗∗∗ -0.396∗∗∗∗ -0.340∗∗∗∗ -0.360∗∗∗∗

(0.070) (0.059) (0.077) (0.063)
Strong -0.278∗∗ -0.392∗∗∗ -0.220 -0.326∗∗

(0.124) (0.110) (0.139) (0.122)

Influence of high-income (omitted category: No Influence)
Minor 0.225∗∗∗ 0.237∗∗∗

(0.063) (0.063)
Moderate 0.333∗∗∗∗ 0.384∗∗∗∗

(0.066) (0.066)
Strong 0.728∗∗∗∗ 0.770∗∗∗∗

(0.070) (0.067)

Influence of prestige (omitted category: No Influence)
Minor 0.040 0.034

(0.057) (0.057)
Moderate 0.187∗∗∗ 0.198∗∗∗

(0.065) (0.067)
Strong 0.354∗∗∗ 0.309∗∗∗
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(0.098) (0.104)
Additional Controls No Yes Yes No Yes Yes
Number of Observations 364 364 364 334 334 334
Mean of Dep Var 0.49 0.49 0.49 0.49 0.49 0.49
Pseudo R-squared 0.02 0.26 0.44 0.02 0.28 0.47
Note: Average marginal effects are estimated from logistic regressions predicting the probability of choosing
exclusively high-income specialties in our survey, given all other covariates. Robust standard errors are in
parenthesis. Additional controls in all regressions include all covariates in Column (2) of Table 10.3, the
amount of student loan and preferences for length of training, work-life balance and malpractice risk in
specialty choice. ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 , ∗∗∗∗ p < 0.001 .
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Table 10.7: Average Marginal Effects from Logistic Re-
gressions Predicting Choosing Primary Care Specialties

All CCEI≥ 0.8
(1) (2) (3) (4) (5) (6)

α̂n above median -0.189 -0.050 -0.019 -0.236 -0.060 -0.031
(0.254) (0.037) (0.035) (0.267) (0.040) (0.037)

ρ̂n above median -0.353 -0.015 -0.015 -0.393 -0.024 -0.027
(0.255) (0.037) (0.035) (0.267) (0.039) (0.037)

Female 0.065 0.007 0.053 -0.007
(0.039) (0.037) (0.041) (0.039)

MCAT score range (omitted category:[21, 25] )
[30, 34] -0.105∗ -0.136∗∗ -0.090 -0.116∗∗

(0.062) (0.057) (0.064) (0.059)
[35, 45] -0.054 -0.075 -0.049 -0.049

(0.079) (0.072) (0.080) (0.076)

Influence of length of training (omitted category: No Influence)
Minor 0.004 0.001 -0.001 0.010

(0.046) (0.044) (0.049) (0.046)
Moderate 0.101∗ 0.120∗∗ 0.078 0.092∗

(0.055) (0.053) (0.058) (0.054)
Strong 0.082 0.086 0.031 0.057

(0.092) (0.086) (0.092) (0.087)

Influence of high-income (omitted category: No Influence)
Minor -0.079 -0.038

(0.061) (0.063)
Moderate -0.130∗∗ -0.093

(0.064) (0.066)
Strong -0.259∗∗∗∗ -0.220∗∗∗∗

(0.061) (0.062)

Influence of prestige (omitted category: No Influence)
Minor 0.029 0.040

(0.048) (0.049)
Moderate or Strong -0.144∗∗∗ -0.143∗∗∗

(0.046) (0.047)
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Additional Controls No Yes Yes No Yes Yes
Number of Observations 429 429 429 392 392 392
Mean of Dep Var 0.16 0.16 0.16 0.16 0.16 0.16
Pseudo R-squared 0.01 0.27 0.38 0.01 0.30 0.42
Note: Average marginal effects are reported, estimated from logistic regressions on the predicted probability
of choosing exclusively primary care specialties in our survey, given all other covariates in the models.
Robust standard errors are in parenthesis. Additional controls in all models are the same as those included
in regressions in Table 10.6. We combine moderate and strong influences of prestige as one category because
strong influence of prestige predicts choosing non-primary care specialties perfectly, the coefficient of which
could not be estimated. ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 , ∗∗∗∗ p < 0.001 .
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Table 10.8: OLS Regressions Predicting Income of Ex-
pected Specialty Choice (in $1,000s)

All CCEI≥ 0.8

(1) (2) (3) (4) (5) (6)
Std. score of α̂n 17.584∗∗∗∗ 21.381∗∗∗∗

(4.916) (5.142)
α̂n above median 36.722∗∗∗∗ 23.203∗∗ 43.107∗∗∗∗ 26.093∗∗∗

(10.067) (9.727) (10.583) (9.914)
Std. score of ρ̂n 1.298 2.491

(4.430) (4.861)
ρ̂n above median 0.424 1.541 1.149 2.059

(9.452) (8.599) (10.640) (9.751)
Female -51.051∗∗∗∗ -52.704∗∗∗∗ -37.204∗∗∗∗ -49.860∗∗∗∗ -51.630∗∗∗∗ -34.496∗∗∗

(10.565) (10.341) (9.855) (11.223) (11.035) (10.582)

Influence of length of training (omitted category: No Influence)
Minor -40.109∗∗∗ -41.934∗∗∗ -46.463∗∗∗∗ -33.399∗∗ -36.336∗∗ -41.793∗∗∗

(14.270) (14.248) (12.890) (15.552) (15.483) (13.693)
Moderate -69.957∗∗∗∗ -69.793∗∗∗∗ -78.893∗∗∗∗ -63.630∗∗∗∗ -63.602∗∗∗∗ -72.818∗∗∗∗

(15.655) (15.625) (14.152) (16.968) (16.895) (14.990)
Strong -55.623∗∗ -53.486∗∗ -58.674∗∗∗ -39.211 -37.547 -47.995∗∗

(21.948) (21.197) (19.976) (24.104) (23.298) (20.928)

Influence of high-income (omitted category: No Influence)
Minor 11.795 16.059

(14.957) (15.778)
Moderate 39.624∗∗ 48.381∗∗∗

(16.672) (17.205)
Strong 81.577∗∗∗∗ 94.588∗∗∗∗

(21.164) (21.625)

Influence of prestige (omitted category: No Influence)
Minor 19.491∗ 17.493

(11.704) (12.275)
Moderate 43.502∗∗∗∗ 44.011∗∗∗

(12.767) (13.444)
Strong 81.448∗∗∗∗ 71.512∗∗∗
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(20.905) (21.556)
Additional Controls Yes Yes Yes Yes Yes Yes
Mean of Dep Var 323.16 323.16 323.16 323.00 323.00 323.00
N 399 399 399 364 364 364
Adjusted R2 0.21 0.22 0.34 0.23 0.23 0.36
Note: Regression coefficients are reported, estimated from OLS models predicting the annual average income
of the respondent’s desired specialty. For those respondents who choose more than one specialty as their
desired specialties in our survey, we take the mean of the annual average income of the specialties they chose
as the dependent variable. Robust standard errors are in parenthesis. Additional controls are the same as
those included in regressions in Table 10.6.
∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 , ∗∗∗∗ p < 0.001 .
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Table 10.9: Regressions Comparing Estimated Preference Parameters in the Medical Student
Sample, by School Tier

Quantile Regressions
Specification Tobit 25th Percentile 50th Percentile 75th Percentile Probit
Dependent variable α̂n ρ̂n ρ̂n ρ̂n I(ρ̂n > 0)

(1) (2) (3) (4) (5)
Panel A: without controls
Higher-tier schools 0.063∗∗ 0.313 0.203∗∗ 0.025 0.320∗∗

(0.026) (0.283) (0.091) (0.040) (0.143)
Constant 0.705∗∗∗∗ -0.328∗∗ 0.450∗∗∗∗ 0.736∗∗∗∗ 0.119∗

(0.011) (0.128) (0.041) (0.018) (0.063)
Observations 503 503 503 503 503
Panel B: including controls for age and gender
Higher-tier schools 0.063∗∗ 0.468 0.169∗ 0.066 0.354∗∗

(0.026) (0.325) (0.096) (0.056) (0.145)
Constant 0.704∗∗∗∗ 0.000 0.538∗∗∗∗ 0.762∗∗∗∗ 0.388∗∗∗∗

(0.017) (0.214) (0.063) (0.037) (0.094)
Observations 503 503 503 503 503
Note: standard errors in parenthesis. ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 .
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Table 10.10: Average Marginal Effects from Ordered Logistic Regressions Predicting Self-
reported Likelihood of Practicing Medicine in an Underserved Area

All CCEI≥ 0.8
(1) (2) (3) (4)

(Omitted category:
Somewhat unlikely/Somewhat likely)

Category: Very unlikely
α̂n above median 0.046∗∗ 0.051∗∗∗ 0.049∗∗ 0.059∗∗∗

(0.019) (0.019) (0.020) (0.020)
ρ̂n above median -0.028 -0.053∗∗∗ -0.023 -0.053∗∗

(0.019) (0.020) (0.020) (0.021)
Category: Very likely
α̂n above median -0.063∗∗ -0.065∗∗∗ -0.069∗∗ -0.075∗∗∗

(0.025) (0.023) (0.027) (0.026)
ρ̂n above median 0.038 0.066∗∗∗ 0.032 0.066∗∗∗

(0.025) (0.023) (0.027) (0.024)
Controls No Yes No Yes
Number of Observations 502 502 455 455
Pseudo R-squared 0.01 0.16 0.01 0.17

Note: Average marginal effects from ordered logit models are reported. Robust standard errors are in
parenthesis. Each column contains results from a separate regression with the dependent variable being the
respondent’s self-reported likelihood of practicing medicine in an underserved area. The original question in
our survey has four choice categories: very unlikely, somewhat unlikely, somewhat likely and very likely. In
the regressions reported here, we combine the middle two categories together to increase statistical power,
as separate analysis indicates that the coefficients on measures of α̂n for the middle two outcomes are
statistically indistinguishable from each other. Each regression controls additionally for all covariates in
Column (3) of Table 10.3 and the amount of student loan. All covariates are alternative specific (interacted
with each un-omitted category). ∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 .
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Appendix A Experimental Instructions
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Welcome.

Please remember: Participation in the survey is voluntary and you may withdraw from the
study at anytime. You will not be identified in any reports on this study.

This is an experiment in decision-making. Please pay careful attention to the instructions
as a considerable amount of money is at stake.

During the experiment we will speak in terms of experimental tokens instead of dollars.
Your payoffs will be calculated in terms of tokens and then translated into dollars at the
end of the experiment at the following rate:

4 Tokens = 1 Dollar

You are free to stop at any time. If you do not complete the experiment now, you may
return to complete the experimental session at any time between now and 2014-XX-XX . If
you do not complete the experiment between now and 2014-XX-XX1, you will not receive
any payment. Details of how you will make decisions and receive payments will be
provided below.

In this experiment, you will make 50 decisions that share a common form. We next
describe in detail the process that will be repeated in all decision problems and the
computer program that you will use to make your decisions.

In each decision, you will be asked to allocate tokens between yourself and another person
who will be chosen at random from the group of American Life Panel (ALP) respondents
who were not asked to participate in this experiment. American Life Panel is a panel of
approximately 5,000 individuals of age 18 and older from a representative sample of US
households. They are broadly representative of the US population. More information
about RAND American Life Panel can be found at https://mmicdata.rand.org/alp/ (link
opens a new window).

We will refer to the tokens that you allocate to yourself as tokens that you Hold, and
tokens that you allocate to the other person as tokens that you Pass to that individual.
The identity of the ALP respondent who receives the tokens you pass depends entirely on
chance.

1The deadline for completing the experiment varies by schools depending on when the school sent out
the study link to their students.
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Each decision will involve choosing a point on a line representing possible token allocations
to you (Hold) and the other ALP respondent (Pass). In each decision, you may choose any
combination of tokens to Hold and Pass – in other words, any combination of tokens to
yourself and tokens to the ALP respondent – that is on the line. Examples of lines that you
might face appear in the diagrams below. In each graph, Hold corresponds to the vertical
axis and Pass corresponds to the horizontal axis; the points on the diagonal lines in the
graphs represent possible token allocations to Hold (tokens you to you) and Pass (tokens to
the ALP respondent) that you might choose.

By picking a point on the diagonal line, you choose how many tokens to hold for yourself
and how many to pass to the other person. You may select any allocation to Hold and Pass
on that line.

If, for example, the diagonal line runs from 50 tokens on the Hold axis to 50 tokens on the
Pass axis (see Diagram 4), you could choose to hold all 50 tokens for yourself, or pass all 50
tokens to the other person, or anything in between. However, most of the decision
problems will involve flatter or steeper lines: if the line is flatter (see Diagram 5), one less
token for yourself means more than one additional token is passed to the other person; if
the line is steeper (see Diagram 6), one less token held means less than one additional
token passed to the other person.
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To further illustrate, in the example below, choice A represents an allocation in which you
hold y tokens and pass x tokens. Thus, if you choose this allocation, you will hold y tokens
for yourself and you will pass x tokens to another person. Another possible allocation is B,
in which you hold w tokens and pass z tokens to the other person.

Each of the 50 decision problems will start by having the computer select a diagonal line at
random. All of the lines that the computer will select will intersect with at least one of the
axes at 50 or more tokens, but will not intersect either axis at more than 100 tokens. The
lines selected for you in different decision problems are independent of each other and
depend solely upon chance.

The computer program dialog window is shown here. In each round, you will choose an
allocation by using the mouse to move the pointer on the computer screen to the allocation
that you wish to choose (note that the pointer does not need to be precisely on the
diagonal line to shift the allocation).

When you are ready to make your decision, left click to enter your chosen allocation. After
that, confirm your decision by clicking on the OK button. Note that you can choose only
Hold and Pass combinations that are on the diagonal line. Once you have clicked the OK
button, your decision cannot be revised.

After you submit each choice, you will be asked to make another allocation in a different
decision problem involving a different diagonal line representing possible allocations.
Again, all decision problems are independent of each other. This process will be repeated
until all 50 decision rounds are completed. At the end of the last round, you will be
informed that the experiment has ended.

Next, you will have two practice decision rounds. The choices you make in these practice
rounds will have no impact on the final payoffs to you or to the ALP respondent. In each
round, you may choose any combination of tokens to Hold (tokens to you) and Pass (tokens
to the ALP respondent) that are on the line. To choose an allocation, use the mouse to
move the cursor on the computer screen to the allocation that you desire.

When you are ready to make your first practice choice, left-click to enter your chosen
allocation. To revise your allocation in the first practice round, click the CANCEL button.
To confirm your decision, click on the OK button. You will then be automatically moved
to the second practice round. After you complete the two practice rounds, click NEXT to
proceed to the next screen.
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(Example screenshot for Practice Round 2 is omitted)

Payoffs will be determined as follows. At the end of the experiment, the computer will
randomly select one of the 50 decisions you made to carry out for real payoffs. You will
receive the tokens you held in that round (the tokens allocated to Hold). A respondent of
the American Life Panel (ALP) will receive the tokens that you passed (the tokens
allocated to Pass). Note that the recipient of the tokens you pass was not asked to
participate in this experiment – he or she is not making any allocation decisions.

At the end of last round, you will be informed of the round selected for payment, and your
choice and payment for the round. At the end of the experiment, the tokens will be
converted into money. Each token will be worth 0.25 dollars, and payoffs will be rounded
up to the nearest cent.

Recall that you are free to stop at any time, and you may return to complete the
experimental session at any time between now and 2014-XX-XX. If you do not complete
the experiment between now and 2014-XX-XX, neither you nor the ALP respondent that
has been selected to receive the tokens you pass will receive any payment.

To review, in every decision problem in this experiment, you will be asked to allocate tokens
to Hold and Pass. At the end of the experiment, the computer will randomly select one of
the 50 decision problems to carry out for payoffs. The round selected depends solely upon
chance. You will then receive the number of tokens you allocated to Hold in the chosen
round. Another person, who will be chosen at random from the group of ALP respondents
who were not asked to participate and who will remain anonymous, will receive the number
of tokens you allocated to Pass in the chosen round. Each token will be worth 25 cents.

If everything is clear, you are ready to start. Please click NEXT to proceed to the actual
experiment.

(Example screenshots for Round 2-50 are omitted)

Thank you for participating in this experiment. Round 36 was randomly selected to
determine payouts from this experiment. In that round, you chose to allocate 50.6 tokens
to Hold and 4 tokens to Pass. With the token-to-dollar exchange rate of 4 tokens to one
dollar your payout from the experiment is 12.6 dollars, and the ALP respondent’s payout is
1 dollar.

80



Appendix B Survey Questionnaire

81



	   1	  

Survey for Medical Students 
 

Next we will ask you a few standard survey questions. The survey takes about 5-6 minutes to complete. 
We really appreciate it that you answer these questions to the best of your knowledge, which is 
important to our study. Again, you may withdraw from the study at anytime. 
 

1. How many years of medical education have you completed?  
1] Less than 1 year 
2] 1 year 
3] 2 years 
4] 3 years 
5] 4 years 
6] 5 years or more 
 

2. What degree(s) are you currently pursuing? 
1] MD only 
2] MD-PhD 
3] MD-MA 
4] MD-MBA 
5] MD-MPH 
6] MD-MS 
7] Other, please specify____________ 

 
3. What is your gender?  

1] Female 
2] Male 

 
4. Which year were you born?  

 
5. Please tell us your ethnicity (you can check more than one answer)  

1] Asian/Pacific Islander/Asian-American 
2] Black/African American 
3] European/Caucasian-American 
4] Latino/Hispanic American 
5] Native American 
6] Other 

 
6. Did you receive secondary education in the United States? 

1] Yes 
2] No 

 
7. Please indicate the general medical specialty(s) that you are most interested in choosing as your 

career (you can choose up to three):  
1] Allergy and Immunology 
2] Anesthesiology 
3] Colon and Rectal Surgery 
4] Dermatology 
5] Emergency medicine 
6] Family Medicine 
7] General Surgery 
8] Internal Medicine 
9] Medical Genetics 
10] Neurological Surgery 
11] Neurology 
12] Obstetrics and gynecology 
13] Ophthalmology 
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14] Orthopedics 
15] Otolaryngology 
16] Pain Medicine 
17] Pathology 
18] Pediatrics 
19] Physical Education and Rehabilitation 
20] Plastic Surgery 
21] Preventative Medicine 
22] Psychiatry 
23] Radiation Oncology 
24] Radiology 
25] Thoracic Surgery 
26] Urology 
27] Other, please specify__________________ 
28] Not sure at all 
29] Not planning on being certified in a specialty 

 
8. You have chosen more than one specialty in Question 25, is there one that you consider as your 

top choice? 
1] Yes. Please specify _____________  
2] No 

 
9. You have selected an interest in Family Medicine, Internal Medicine or Pediatrics, what career 

are you considering?  
1] Primary-care practice (i.e. office-based continuing care in general Family Medicine, 

general Internal Medicine, or general Pediatrics) 
2] Hospitalists (i.e. salaried, full-time care of hospitalized patients) 
3] Sub-specialty (e.g. Cardiology, Pediatric Oncology, Family Medicine/Sports Medicine). 

Please specify________________ 
4] Undecided 

 
10. Please tell us your estimate of the current national average annual income for the top specialty 

you selected.  
1] Less than $150,000  
2] $150,000 to $199,999  
3] $200,000 to $249,999  
4] $250,000 to $299,999  
5] $300,000 to $399,999  
6] $400,000 to $499,999  
7] $500,000 or more  
8] Don't know 

 
11. Please tell us the annual income you expect to earn in the top specialty you selected.  

9] Less than $150,000  
10] $150,000 to $199,999  
11] $200,000 to $249,999  
12] $250,000 to $299,999  
13] $300,000 to $399,999  
14] $400,000 to $499,999  
15] $500,000 or more  
16] Don't know 

 
For each statement in Question 12-16, please indicate how influential it is for your specialty choice on a 
scale of 0-3, with 0= No influence and 3= strong influence, and list up to three specialties that best fit 
the statement.  
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12. Spec_HighInc: The specialty provides a high income. 
No influence               Minor influence                 Moderate influence                 Strong influence 
 
In your opinion, what are the specialties that best fit this statement (regardless of its influence on 
you)? You can list either one, two or three specialties.  
 
Specialty 1: _________________  
Specialty 2: _________________  
Specialty 3: _________________ 
I do not know.  

 
13. Spec_Balance: The specialty provides a work/life balance. 

No influence               Minor influence                 Moderate influence                 Strong influence  
 
In your opinion, what are the specialties that best fit this statement (regardless of its influence on 
you)? You can list either one, two or three specialties.  
 
Specialty 1: ________________  
Specialty 2: ________________  
Specialty 3: ________________ 
I do not know. 

 
14. Spec_Length: The length of training is relatively short. 

No influence               Minor influence                 Moderate influence                 Strong influence 
 

In your opinion, what are the specialties that best fit this statement (regardless of its influence on 
you)? You can list either one, two or three specialties.  
 
Specialty 1: ________________  
Specialty 2: ________________  
Specialty 3: ________________ 
I do not know.  

 
15. Spec_Risk: The specialty has a low malpractice risk.  

No influence               Minor influence                 Moderate influence                 Strong influence 
 

In your opinion, what are the specialties that best fit this statement (regardless of its influence on 
you)? You can list either one, two or three specialties.  
 
Specialty 1: ________________  
Specialty 2: ________________  
Specialty 3: ________________ 
I do not know.  

 
 

16. Spec_Prestige:The specialty is prestigious. 
No influence               Minor influence                 Moderate influence                 Strong influence 
 
In your opinion, what are the specialties that best fit this description (regardless of its influence on 
you)? Please list either one, two or three specialties.  
 
Specialty 1: ________________  
Specialty 2: ________________  
Specialty 3: ________________ 
I do not know.  
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17. Med_MCAT: What is your MCAT composite score?  
1] 3-20 
2] 21-25 
3] 26-29 
4] 30-34 
5] 35-45 
6] I prefer not to say 

 
Med_MCATScore: Could you please tell us your exact score?  

 
18. Med_TakeStp1: Have you taken the United States Medical Licensing Examination Step 1?  

1] Yes 
2] No 

 
19. Med_Stp1Score: Could you please tell us your three-digit Step 1 score?  

1] My score is: _________  
2] I have not received my score yet 
3] I prefer not to say 

 
20. Med_PracSet: Please indicate the primary setting in which you plan to practice medicine. 

1] Private practice 
2] Community Health Center 
3] Freestanding clinics 
4] Health Maintenance Organization (e.g. Kaiser Permanente) 
5] Hospital 
6] Other 
7] Undecided 
8] I do not plan to practice medicine in the future 

 
21. Med_LocPref: Is there a geographical location at which you particularly want to work after 

completion of your education? 
1] Yes. I am willing to choose a less competitive specialty in order to work at my desired 

location 
2] Yes.  But it does not affect my specialty choice 
3] No 

 
22. Med_UnderServ: How likely will you practice medicine in an underserved area? 

1] Very unlikely            
2] Somewhat unlikely             
3] Somewhat likely             
4] Very likely 

 
23. Med_FundSurc: What is your primary source of funding for the current academic year? 

1] Loan 
2] Scholarship/Financial aid 
3] Family support 
4] Other 

 
24. Med_Loan: Would you please tell us how much outstanding student loan you have? 

1] $0 
2] Less than $50,000  
3] $50,000 - $99,999 
4] $100,000 - $199,999 
5] $200,000 - $299,999 
6] $300,000 or more 
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25. Med_Mentor: During your medical education, have you had an advisor/mentor (formal or 
informal) who has significantly influenced your choice of specialty? 

1] Yes 
2] No 

 
26. Med_Rsrch: How exclusively do you expect to be involved in research during your medical 

career? 
1] Not involved or limited involvement 
2] Significantly involved 
3] Exclusively 
4] Undecided 

 
27. Dem_Area: Which of the following best describes the area you grew up in? 

1] City 
2] Suburb 
3] Town (population less than 10,000—other than suburb) 
4] Rural/unincorporated area 

 
28. Dem_Relig: Were you raised in a religious home? 

1] Yes 
2] No 

 
29. Dem_DadEdu: Please tell us the highest level of your father’s education. 

1] Less than high school 
2] Finished high school 
3] Some college 
4] College degree 
5] Graduate or professional degree 
6] Not applicable/I do not know 

 
30. Dem_MomEdu: Please tell us the highest level of your mother’s education. 

1] Less than high school 
2] Finished high school 
3] Some college 
4] College degree 
5] Graduate or professional degree 
6] Not applicable/I do not know 

 
31. Dem_DadPhy: Is your father a physician? 

1] Yes 
2] No 
3] Not applicable/I do not know 

 
32. Dem_DadSpec: What is your father’s specialty? 

1] Allergy and Immunology 
2] Anesthesiology 
3] Colon and Rectal Surgery 
4] Dermatology 
5] Emergency medicine 
6] Family Medicine 
7] Family Medicine – Subspecialty 
8] General Surgery 
9] Internal Medicine 
10] Internal Medicine - Subspecialty 
11] Medical Genetics 
12] Neurological Surgery 
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13] Neurology 
14] Obstetrics and gynecology 
15] Ophthalmology 
16] Orthopedics 
17] Otolaryngology 
18] Pain Medicine 
19] Pathology 
20] Pediatrics 
21] Pediatrics - Subspecialty 
22] Physical Education and Rehabilitation 
23] Plastic Surgery 
24] Preventative Medicine 
25] Psychiatry 
26] Radiation Oncology 
27] Radiology 
28] Thoracic Surgery 
29] Urology 
30] Other, please specify_________________ 

 
33. Dem_MomPhy: Is your mother a physician? 

       1]   Yes 
       2]   No 

                    3]   Not applicable/I do not know 
 

34. Dem_MomSpec: What is your mother’s specialty? 
[SAME OPTIONS AS QUESTION 31] 
 

35. Dem_PatInc: Please indicate your total parental gross income for last year (a rough estimate is 
sufficient).  

1] Less than $50,000 
2] $50,000 - $99,999 
3] $100,000 - $149,999 
4] $150,000 - $199,999 
5] $200,000 - $249,999 
6] $250,000 or more 
7] I don’t know/I prefer not to say 
8] Not applicable 

 
36. Dem_MartStus: What is your marital status? 

1] Single 
2] Married 
3] Divorced 
4] Widowed 

 
37. Dem_SpusInc: Please indicate your spouse’s gross annual income for last year (a rough estimate 

is sufficient).  
1] Less than $50,000 
2] $50,000 - $99,999 
3] $100,000 - $149,999 
4] $150,000 or more 
5] I don’t know/I prefer not to say	  

 
 

 
Finally, could you please give us your first and last name, which will be encrypted and stored separately 
from other responses you provided, and the sole purpose of which is to retrieve your actual specialty 

87



	   7	  

choice later by using publically available information? Only the researcher will have access to your name 
and it will not appear in any research products. Provision of your name is entirely voluntary and will not 
affect your payment.  
 

Name: First Name __________________   Last Name __________________ 
 
I decline to provide my name.  
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Figure A1: Experimental Interface
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Figure A2: Locations of Participating Medical Schools
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Figure A3: The construction of CCEI for a simple violation of GARP

Source: Choi et al. (2014)
Note: This illustrates a violation of GARP: x2 is revealed preferred to x1 in budget line B, but x1 is chosen in
budget line D when x2 costs less than x1. The minimum adjustment required to remove the GARP violation
is to shift budget line B to A. Therefore by definition, the CCEI is between 0 and 1: the closer the CCEI is
to 1, the smaller the perturbation of the budget constraints required to remove all violations and the closer
the data are to satisfying GARP Choi et al. (2014).
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Figure A4: Cumulative Distribution Functions of α̂n by Expected Specialty Choice: Top
Five and Bottom Five Specialties by Income
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Note: The cumulative distribution functions of α̂n are for the subsample who chose exclusively from the top
five specialties versus those who chose exclusively from the bottom five specialties by income (see Table A1)
as their desired future specialties in our survey.
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Figure A5: Predicted Probability of Choosing a high-income Specialty as a Function of
Standardized Score of α̂n (CCEI≥ 0.8)

Note: Graphed probabilities are average predicted probabilities of choosing exclusively high-income special-
ties as one’s desired future specialty in our survey, derived from logistic regressions that are identical to the
ones in Column (5) of Table 10.7, except that the standardized score of α̂n is used in place of an indicator for
α̂n above median. The average predicted probabilities are obtained by varying the value of the standardized
score of α̂n from −3 to 1 at intervals of 0.1, given all other control variables in the regressions. Gray area is
95% confidence interval band.
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Figure A6: Summary of α̂n by Specialty Group
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Note: “Income top 3” refers to Neurological Surgery, Cardiacthoracic Surgery and Orthopedics. “ROAD”
refer to Radiology, Ophthalmology, Anesthesiology and Dermatology, which are generally considered as
“lifestyle” specialties with high-income and more or less reasonable hours. “OB/GYN” refers to Obstetrics
& Gynecology.
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Table A1: National Average Income by Medical Specialty, 2013-2014 (in $1,000s)

National Avg. ≥ $300k (high-income) National Avg. < $300k (low-income)

Medical Specialty National Avg. Medical Specialty National Avg.

Neurological Surgery 593 Obstetrics & Gynecology 283

Cardiac & Thoracic Surgery 525 Critical Care 281

Orthopedic Surgery 488 Emergency Medicine 272

Radiology 448 Pulmonology 258

Cardiology 406 Nephrology 255

Urology 402 Allergy and Immunology 251

Gastroenterology 399 Neurology 240

Plastic Surgery 385 Physical Edu. & Rehab. 235

Dermatology 367 Infectious Disease 228

Anesthesiology 363 Rheumatology 224

Otolaryngology 353 Psychiatry 213

General Surgery 353 Internal Medicine 213

Ophthalmology 320 Pediatrics 205

Hematology & Medical Oncology 318 Family Medicine 200

Note: Income data are based on two sources: 1) Profiles 2013-2014 Physician Salary and Compensation
Survey, a nationwide, confidential survey of over 80,000 practicing physicians conducted from August -
December 2013 by Profiles Database, a web-based graduating physician database; 2) Medscape Physician
Compensation Report 2014, a nationwide survey of over 24,000 physicians conducted from December 2013
to January 2014 by Medscape, a part of WebMD Health Professional Network. Income figures are rounded
to the nearest $1,000.
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Table A2: Characteristics of Participating Medical Schools

School ID State Response Rate

1 AL 12%
2 CA 5%
3* CA 30%
4 CA 10%
5 CT 12%
6* GA 26%
7 OH 16%
8 SC 11%
9 TX 12%
Total 13%

Note: Response rates are approximate and are calculated using statistics on number of total medical students
in each school from school official websites.
*Pilot studies with a higher experimental payoff using a token-to-money exchange rate of 3 to 1.
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Table A3: Summary Statistics of Medical Student Subjects, All and by Subsample

Subsample p-value of
t-test of
diff. btw.
(2) & (3)

by expected specialty choice
All Low High Undetermineda

income income
(1) (2) (3) (4) (5)

Panel A. Socio-demographic characteristics
Female 0.455 0.546 0.315 0.518 0.000∗∗∗
Age

21− 25 0.662 0.627 0.613 0.774 0.787
26− 30 0.304 0.324 0.359 0.204 0.484
31+ 0.034 0.049 0.028 0.022 0.296

Race & Ethnicity
Asian 0.266 0.189 0.271 0.365 0.064∗
Black 0.040 0.032 0.055 0.029 0.287
Hispanic 0.058 0.086 0.033 0.051 0.032∗∗
Native American 0.010 0.005 0.022 0.000 0.170
White 0.632 0.697 0.630 0.547 0.173
Other race 0.066 0.054 0.066 0.080 0.623

Area grew up
City 0.197 0.232 0.171 0.182 0.146
Suburb 0.638 0.562 0.696 0.664 0.008∗∗∗
Town 0.105 0.135 0.061 0.124 0.017∗∗
Rural area 0.060 0.070 0.072 0.029 0.954

Grew up in a religious home 0.590 0.595 0.619 0.547 0.637
Total parental income
Less than $50, 000 0.103 0.103 0.088 0.124 0.643
$50, 000− $99, 999 0.189 0.222 0.188 0.146 0.425
$100, 000− $149, 999 0.179 0.151 0.171 0.226 0.606
$150, 000− $199, 999 0.111 0.124 0.116 0.088 0.808
$200, 000− $249, 999 0.093 0.097 0.077 0.109 0.501
$250, 000 or more 0.147 0.146 0.177 0.109 0.424

Father’s education
Less than high school 0.026 0.049 0.022 0.000 0.171
Finished high school 0.070 0.059 0.066 0.088 0.788
Some college 0.080 0.070 0.099 0.066 0.318
College degree 0.286 0.281 0.276 0.307 0.918
Graduate degree 0.523 0.519 0.519 0.533 0.994
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Mother’s education
Less than high school 0.024 0.032 0.028 0.007 0.788
Finished high school 0.070 0.092 0.044 0.073 0.071∗
Some college 0.151 0.135 0.182 0.131 0.218
College degree 0.350 0.378 0.337 0.328 0.411
Graduate degree 0.402 0.362 0.398 0.460 0.484

Father is physician 0.131 0.108 0.166 0.117 0.109

Mother is physician 0.044 0.032 0.050 0.051
0.406

Marital status
Single 0.819 0.784 0.829 0.854 0.278
Married 0.173 0.205 0.160 0.146 0.265
Divorced or Widowed 0.008 0.011 0.011 0.000 0.983

Panel B. Medical education
MCAT score

3− 29 0.207 0.281 0.149 0.182 0.002∗∗∗
30− 34 0.419 0.465 0.398 0.387 0.196
35− 45 0.324 0.227 0.398 0.358 0.000∗∗∗

Years of medical education completed
Less than one year 0.294 0.238 0.282 0.387 0.339
One year 0.235 0.232 0.210 0.270 0.606
Two years 0.165 0.195 0.155 0.139 0.316
Three years 0.247 0.276 0.254 0.197 0.642
Four years or more 0.060 0.059 0.099 0.007 0.158

Joint degree program 0.175 0.195 0.188 0.131 0.870
Outstanding student loan

$0 0.241 0.227 0.249 0.248 0.629
Less than $50, 000 0.250 0.205 0.243 0.321 0.389
$50, 000− $99, 999 0.221 0.232 0.193 0.241 0.363
$100, 000− $199, 999 0.209 0.249 0.204 0.161 0.314
$200, 000− $299, 999 0.070 0.076 0.094 0.029 0.532
$300, 000 or more 0.010 0.011 0.017 0.000 0.636

Panel C. Preferences for specialty attributes
Length of training
No influence 0.239 0.173 0.348 0.182 0.000∗∗∗
Minor influence 0.404 0.389 0.403 0.423 0.783
Moderate influence 0.302 0.362 0.210 0.343 0.001∗∗∗
Strong influence 0.056 0.076 0.039 0.051 0.129

Work-life balance
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No influence 0.032 0.022 0.061 0.007 0.059∗
Minor influence 0.107 0.097 0.138 0.080 0.226
Moderate influence 0.330 0.314 0.326 0.358 0.799
Strong influence 0.531 0.568 0.475 0.555 0.077∗

Malpractice risk
No influence 0.386 0.411 0.442 0.277 0.548
Minor influence 0.417 0.389 0.392 0.489 0.952
Moderate influence 0.175 0.184 0.144 0.204 0.301
Strong influence 0.022 0.016 0.022 0.029 0.682

High-income
No influence 0.145 0.211 0.077 0.146 0.000∗∗∗
Minor influence 0.364 0.427 0.271 0.401 0.002∗∗∗
Moderate influence 0.390 0.346 0.459 0.358 0.028∗∗
Strong influence 0.101 0.016 0.193 0.095 0.000∗∗∗

Prestige
No influence 0.256 0.351 0.160 0.255 0.000∗∗∗
Minor influence 0.380 0.443 0.298 0.401 0.004∗∗∗
Moderate influence 0.296 0.184 0.409 0.299 0.000∗∗∗
Strong influence 0.068 0.022 0.133 0.044 0.000∗∗∗
Very unlikely 0.096 0.098 0.116 0.066 0.575
Somewhat unlikely 0.363 0.261 0.459 0.372 0.000∗∗∗
Somewhat likely 0.402 0.440 0.326 0.453 0.025∗∗
Very likely 0.139 0.201 0.099 0.109 0.007∗∗∗

Number of Observations 503 185 181 137

Note: Means of variables are reported, which are equivalent to the proportions of sample/subsample for
which the variable equals 1, as all variables are indicators. Column (2) reports means over the subsample
choosing exclusively low-income specialties (annual average income< $300, 000, see Table A1) as their desired
specialties in our survey; column (3) reports means over the subsample choosing exclusively in high-income
specialties (annual average income≥ $300, 000, see Table A1) as their desired specialties; column (4) reports
means over the subsample for whom the income category (high vs. low) of expected specialty choice is
undetermined, see footnote a.
aThe income category of a subject’s expected specialty choice is considered undetermined in the following
cases: 1) the subject chose the option “Not sure at all”; 2) the subject chose specialties from both the high-
and low-income categories; 3) the subject did not provide sufficient details about her specialty choice, for
instance by selecting the option “subspecialty” within a primary care specialty without specifying the name
of the subspecialty.
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Table A4: Average Marginal Effects from Multinomial Logit Models Predicting Income
Category of Expected Specialty Choice

All CCEI≥ 0.8
(1) (2) (3) (4)

Category: Income category of specialty
choice undetermined (omitted)

Category: Low-income specialties

Standardized score of α̂n -.060∗∗∗ -0.074∗∗∗∗
(0.021) (0.023)

α̂n above median -0.124∗∗∗ -0.148∗∗∗∗
(0.040) (0.045)

Category: High-income specialties

Standardized score of α̂n 0.050∗∗ 0.062∗∗∗
(0.021) (0.022)

α̂n above median 0.110∗∗∗ 0.140∗∗∗∗
(0.040) (0.042)

Number of Observations 503 503 456 456
Pseudo R-squared 0.21 0.21 0.19 0.19

Note: Average marginal effects from multinomial logit models are reported. Robust standard errors are in
parenthesis. Each column contains results from a separate regression with the dependent variable being the
income category of the respondent’s expected specialty choice (high-income, low-income or undetermined).
∗ p < 0.1 , ∗∗ p < 0.05 , ∗∗∗ p < 0.01 .
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Table A5: Regressions Predicting Expected Specialty Choice with Complete List of Covariates
Specification: Logit OLS
Dep Var: High-income Primary care Income of

specialties specialties specialty choice
(1) (2) (3)

α̂n above median 0.186∗∗∗∗ -0.050 36.722∗∗∗∗
(0.048) (0.035) (10.067)

ρ̂n above median -0.044 -0.015 0.424
(0.050) (0.037) (9.452)

Female -0.260∗∗∗∗ 0.065∗ -52.704∗∗∗∗
(0.050) (0.039) (10.341)

Age (reference: 21-25)
26-30 0.025 -0.023 11.129

(0.057) (0.041) (11.710)
31+ 0.008 -0.076 4.054

(0.130) (0.076) (22.246)
Race & Ethnicity (reference: White)
Asian 0.116 -0.035 22.279∗

(0.070) (0.045) (12.586)
Black 0.173 -0.119 61.083∗∗

(0.107) (0.057) (24.766)
Hispanic -0.167 -0.088 -16.707

(0.099) (0.065) (21.940)
Native American 0.194 - 16.732

(0.160) (-) (30.060)
Other Race 0.051 0.179∗ -2.147

(0.100) (0.104) (23.025)
Area grew up (reference: City)
Suburb 0.100 -0.106∗∗ 24.539∗

(0.073) (0.056) (13.832)
Town 0.045 0.048 11.912

(0.104) (0.079) (18.166)
Rural Area 0.074 -0.201∗∗∗ 41.572∗

(0.101) (0.059) (24.778)
Grew up in a religious home 0.112∗∗ 0.018 14.197

(0.054) (0.041) (10.305)
Father’s education (reference: College degree)
Less than high school -0.311∗ 0.278∗ -82.720∗∗∗∗

(0.141) (0.188) (24.539)
Finished high school -0.007 0.042 -19.977

(0.102) (0.080) (21.982)
Some college 0.100 -0.013 33.744∗

(0.099) (0.054) (18.957)
Graduate or professional degree -0.088 0.072 -23.595∗

(0.058) (0.044) (12.798)
Mother’s education (reference: College degree)
Less than high school 0.124 0.327∗∗ 11.101

(0.199) (0.144) (31.149)
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Finished high school -0.012 -0.090 4.612
(0.090) (0.066) (16.147)

Some college 0.126 -0.087 32.023∗
(0.078) (0.064) (17.290)

Graduate or professional degree 0.127∗∗ -0.094∗∗ 13.517
(0.056) (0.043) (11.985)

Total parental gross income (reference: $50,000 - $99,999)
Less than $50,000 -0.024 -0.193∗∗∗∗ -0.942

(0.091) (0.041) (16.353)
$100,000 - $149,999 -0.036 -0.061 7.936

(0.072) (0.053) (15.352)
$150,000 - $199,999 -0.076 -0.040 -2.562

(0.080) (0.068) (19.242)
$200,000 - $249,999 -0.106 0.049 -5.172

(0.105) (0.076) (21.349)
$250,000 or more 0.006 -0.011 16.319

(0.085) (0.077) (19.178)
Father is physician 0.122 -0.013 20.924

(0.090) (0.062) (18.750)
Mother is physician -0.023 -0.028 -21.918

(0.157) (0.100) (26.327)
Marital status (reference: Single)
Married -0.030 0.059 -14.333

(0.062) (0.051) (12.094)
Divorced or widowed 0.231 0.380∗ 34.524

(0.163) (0.214) (34.460)
MCAT score (reference: 3− 29)
30− 34 0.091 -0.105∗∗ 10.316

(0.076) (0.056) (14.344)
35− 45 0.227∗∗ -0.054 23.296

(0.097) (0.074) (18.280)

Years of medical education completed (reference: Less than one year)
One year -0.010 -0.079 13.633

(0.077) (0.060) (15.517)
Two years 0.022 0.008 3.400

(0.070) (0.064) (15.635)
Three years 0.011 -0.023 -2.201

(0.077) (0.068) (15.117)
Four years or more 0.247∗ -0.218∗∗∗∗ 51.954∗∗

(0.126) (0.046) (25.459)
Joint degree program -0.059 -0.121∗ -9.871

(0.072) (0.045) (15.018)
Student loan amount (reference: $0)
Less than $50,000 0.038 0.017 4.084

(0.077) (0.049) (15.513)
$50,000-$99,999 -0.010 0.073 -11.918

(0.079) (0.062) (14.844)
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$100,000-$199,999 -0.081 0.031 -12.223
(0.080) (0.068) (15.870)

$200,000-$299,999 0.078 -0.049 7.200
(0.097) (0.067) (20.454)

$300,000 or more 0.083 0.467∗∗ 9.263
(0.153) (0.182) (34.243)

Influence of length of training (reference: no influence)
Minor influence -0.197∗∗∗ 0.004 -41.934∗∗∗

(0.069) (0.044) (14.248)
Moderate influence -0.376∗∗∗∗ 0.101∗ -69.793∗∗∗∗

(0.075) (0.054) (15.625)
Strong influence -0.278∗∗ 0.082 -53.486∗∗

(0.115) (0.094) (21.197)
Influence of work-life balance (reference: no influence)
Minor influence 0.008 -0.053 -10.021

(0.148) (0.132) (32.620)
Moderate influence -0.076 0.042 -31.418

(0.142) (0.135) (31.560)
Strong influence -0.048 0.040 -43.065

(0.143) (0.131) (31.767)
Influence of malpractice risk (reference: no influence)
Minor influence -0.008 -0.010 6.457

(0.060) (0.045) (11.798)
Moderate influence 0.059 -0.081∗ 12.380

(0.076) (0.042) (14.867)
Strong influence -0.166 0.002 -49.106∗∗

(0.125) (0.090) (23.204)
School fixed effects Yes Yes Yes
Mean of Dep Var 0.49 0.16 323.16
Number of Observations 364 429 399
R2 0.26 0.27 0.22

Note: Average marginal effects from logistic regressions are reported in Columns (1) and (2). OLS regression
coefficients are reported in Column (3). Regression in Column (1) is identical to that in Column (2), Table
10.6; regression in Column (2) is identical to that in Column (2), Table 10.7; regression in Column (3) is
identical to that in Column (2), Table 10.8. ∗ p < 0.05 , ∗∗ p < 0.01 , ∗∗∗ p < 0.001
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Table A7: Summary Statistics of Medical Students in the Study Sample and the 2014
American Association of Medical Colleges Matriculation Survey

American Assoc. of Medical Colleges
Study Sample Matriculation Survey Sample

Female 0.46 0.50
Race Asian 0.27 0.22
& Ethnicity Black 0.04 0.07

Hispanic 0.06 0.09
White 0.63 0.64

N 503 15,258
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