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Expert performance is often evaluated assuming that good experts
have good outcomes. We examine expertise in medicine and develop
a model that allows for two dimensions of physician performance:
decision making and procedural skill. Better procedural skill increases the use of intensive procedures for everyone, while better
decision making results in a reallocation of procedures from fewer
low-risk to high-risk cases. We show that poor diagnosticians can be
identiﬁed using administrative data and that improving decision making
improves birth outcomes by reducing C-section rates at the bottom of
the risk distribution and increasing them at the top of the distribution.
I. Introduction
Many important jobs are held by experts, such as teachers, judges, or doctors. Yet despite the importance of their activities, the quality of an expert’s
performance is difﬁcult to evaluate. We often end up looking at outcomes
and assuming that good experts have good outcomes, despite the fact that
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such inferences are clouded by selection and measurement issues. That is,
performance is often summarized using an expert-speciﬁc “ﬁxed effect.”
Medicine is something of an exception in that metrics have been developed
to judge the actions taken by doctors as well as the realized outcomes. However, these metrics often take the form of simple directives that do not fully
account for the complexity of patients’ conditions.
In the case of child birth, it is widely believed that there are too many
Cesarean sections (C-sections) in the United States. The large rise in
C-section rates from 20.7% in 1996 to a peak of 32.9% in 2009 (http://www
.cdc.gov/nchs/data/databriefs/db124.htm) has led to many proposals to reduce these rates. For example, on January 1, 2014, the Joint Commission that
provides hospital accreditation and allows hospitals to participate in the
Medicaid and Medicare programs implemented a measure aimed at encouraging hospitals to reduce C-section rates among ﬁrst-time mothers with
head-down single fetuses. The Commission will publish a target rate based
on a national sample of hospitals every quarter and will require hospitals
to publish and track their own rates in order to create pressure on them
to lower rates ( Joint Commission 2014; see measure PC-02). Similarly,
Consumer Reports (2015) created rankings for hospitals on the basis of
C-section rates for women without previous C-sections who were delivering full-term single fetuses. Yet clearly something could go wrong in these
deliveries and necessitate a C-section. Creating incentives for hospitals to
lower rates across the board could have negative consequences if it makes
women less likely to receive what can be a life-saving procedure for mothers and babies. It would be preferable to reduce the use of unnecessary procedures while actually increasing procedure use among the highest-risk
mothers. However, meeting this goal requires improvements in how doctors allocate procedures across patients.
In this paper, we develop a model that highlights two dimensions of a doctor’s performance: whether the doctor makes the right decision regarding
procedure choice and whether the doctor subsequently executes that decision well. We then demonstrate that the model can be used to interpret data
from C-section deliveries. Our work makes several contributions. First, we
show that standard administrative data that are already collected by every
state can be used to identify doctors whose decision making is signiﬁcantly
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worse than the norm. Second, we show that poor decisions are associated
with bad health outcomes. These are surprising and important ﬁndings given
that doctors undoubtedly have much more information about each individual case than we can observe in our data. Nevertheless, doctors have only
their individual training and experience to rely on, whereas the “big data”
available to state administrators can be mined for much additional information that is potentially relevant to procedure choice.
Studying expertise in the context of C-sections is interesting for a number
of reasons. First, there is widespread recognition that C-section rates vary
across hospitals in ways that cannot be explained either by the condition of
the patients or by their preferences (Kozhimannil, Law, and Virnig 2013).
Second, as discussed above, there is pressure to reduce C-section rates. Third,
the C-section is the most common surgical procedure in the United States, so
the caseload as a whole provides a wealth of information. Fourth, birth records contain detailed information about the mother’s and child’s condition
that can be used to develop a model of procedure choice.
Applying our model to data on all deliveries in New Jersey from 1997 to
2006, we ﬁnd that when decision making increases by one standard deviation, C-section rates fall 15.5% for women in the bottom half of the risk distribution, but they rise 5.5% among women in the high-risk half of the distribution. Given that there are many more C-sections among the high-risk
to begin with, we estimate that improved decision making would have resulted in 7,490 fewer C-sections in the bottom half of the distribution but
14,975 more C-sections in the top half of the distribution, for a net increase
of 7,485 C-sections. These extra C-sections among those at high risk would
have generated $35 million (2006 dollars) in additional costs, and they might
have averted about a third of the 2,997 deaths that occurred in this high-risk
group over this 10-year period, for a cost per life saved of about $35,000.
Among those at low risk, the C-sections averted would have saved about
$35 million and would have prevented about 2,346 cases of maternal complications. Of course, neonatal death is a rare outcome, and our estimates are
subject to error, but taken at face value, they imply that better decision making could have improved outcomes for both infants and their mothers at a
very modest cost.
Thus, a surprising implication of our analysis is that not only are there too
many C-sections being performed on low-risk women but there are too
few C-sections being performed on high-risk women. A one standard deviation improvement in decision making leads to reductions in the probability of a negative health outcome: there is a reduction of 15.3% among the lowrisk and of 9.1% among the high-risk. When we further divide bad health
outcomes into those that are bad for the mother and those that are bad for
the infant, we ﬁnd that reductions in bad outcomes among mothers are concentrated in the low-risk (who become less likely to suffer the consequences
of unnecessary surgeries), while bad outcomes for infants are reduced across
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the board. The one exception is neonatal death, which declines with better
diagnosis only among those at high risk (suggesting that C-sections are indeed life-saving among infants born to the highest-risk mothers).
Contrasting the effects of decision making and surgical skill, we ﬁnd that
a one standard deviation improvement in surgical skill would increase the
incidence of C-section 16.5% among patients in the lower half of the risk
distribution and by 8.7% among patients in the upper half. The same change
is estimated to reduce the incidence of any bad health outcome by 55.3%
among the low-risk and by 50.4% among the high-risk.
One might conclude that it is more important to improve surgical skill
than to improve decision making. But it may be considerably easier to improve decision making than to make bad surgeons into good ones. Indeed,
policies such as checklists, computer-aided diagnosis, or administrative structures that require physicians to seek approval before scheduling C-sections
in women without risk factors could perhaps be used as methods of improving decision making (Doi 2007; Baker et al. 2008; Gawande 2009). Our results suggest that with common procedures like C-section, it may well be
possible to use existing administrative health databases to identify doctors
who are making poor decisions and to make changes that will improve patient health outcomes.
The rest of the paper is laid out as follows. Section II brieﬂy reviews some
of the relevant literature. We develop a model in Section III, which assists us
in interpreting the two dimensions of performance. Brieﬂy, we ﬁrst use the
observable data to construct a measure of each patient’s appropriateness for
having a C-section. We then estimate doctor-speciﬁc regressions of the propensity to perform a C-section on this measure of appropriateness. This procedure yields an intercept and a slope term for each doctor, and the model explains the circumstances in which the estimated slope can be interpreted as a
measure of the doctor’s decision making. We also propose a proxy for the
doctor’s surgical skill. Section IV explores the relationship between these
measures and outcomes, and this is followed by a discussion and conclusions in Section VI.
II. Background
Health care is an important area in which we all rely on experts to choose
procedures and then to carry out the chosen procedures. Hence, it is not
surprising that many studies of expertise have focused on physicians. Meehl
(1954) reviews a number of studies, mainly of clinical psychologists, and
compares their forecasts to those generated by simple statistical models, including optimal linear combinations of variables that the experts also observed. He argues that predictions based on these simple models were generally more accurate than those of the experts. A more recent meta-analysis
of 136 studies in clinical psychology and medicine also ﬁnds that algorithms
tend to either outperform or to match the experts (Grove et al. 2000).
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Kahneman and Klein (2009) argue that algorithms are most useful when
we have conﬁdence in the list of variables to be used for prediction, when we
have a reliable and measurable outcome, when there is a large body of similar cases, when the cost/beneﬁt ratio warrants the investment in developing
an algorithm, and when the situation is sufﬁciently stable that the algorithm
will not immediately become obsolete. Our study of C-sections appears to
satisfy all of these criteria, as we will argue further in the data section below.
In the psychological studies discussed above, the experts and the statisticians generally had access to the same data. The advantage of the algorithms
arises mainly because the algorithms are more consistent than the experts.
An additional advantage in our application is that in our administrative birth
records, we observe the universe of cases over a given time period, whereas
each doctor observes only their own cases. A possible disadvantage is that
the doctor may have private information that is not in the health record and
that therefore we do not observe. We will argue below that it is an empirical
matter whether the advantage due to “big data” outweighs the limitation of
unobservable factors that inﬂuence the decision making of physicians when
using the observable data to assess the quality of physician decision making.
Another difference between our study and many of those in psychology
is that we are agnostic about the source of the “errors” in decision making.
The psychology literature is concerned with whether the errors arise from
factors such as overconﬁdence or other heuristic biases. We are concerned
with doctors who, for a variety of possible reasons, do not make the best use
of the publicly observable information at their disposal to make good decisions. The literature in health economics offers many possible reasons for
these “mistakes.”
One common explanation for faulty decision making is “defensive medicine,” the idea that doctors perform unnecessary procedures in order to
protect themselves from lawsuits. However, Baicker, Fisher, and Chandra
(2007) argue that there is little connection between malpractice liability
costs and physician treatment of Medicare patients, while Dubay, Kaestner,
and Waidmann (1999) and Currie and MacLeod (2008) cast doubt on the
idea that physicians perform unnecessary C-sections primarily due to fear
of lawsuits.
There is more evidence that physician decision making is swayed by ﬁnancial incentives. The fee for performing C-sections exceeds the fee for
performing vaginal deliveries. Gruber and Owings (1996) and Gruber,
Kim, and Mayzlin (1999) show that the incidence of C-sections increases
with the wedge between the two fees. Johnson and Rehavi (2016) add to this
literature by showing that ﬁnancial incentives affect the treatment of nonphysicians but have no impact on the treatment of physician-patients, who
are presumably better informed and therefore less likely to meekly tolerate
unnecessary procedures. Thus, excessive use of C-sections could be a case
of “induced demand” motivated by ﬁnancial gain (Dranove 1988).
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A third explanation of faulty decision making is that doctors are inﬂuenced by the decisions of those around them. Chandra and Staiger (2007)
study the choice of surgery versus medical management of cardiac patients.
Knowledge spillovers are the main theoretical driver of small-area variation
in procedure use in their model. Physicians in areas that specialize in surgery are assumed to become better at surgery and worse at medical management and vice versa. Their model raises the possibility of mismatch between
patients and physicians. All patients in high-surgery areas will be more likely
to have surgery even if medical management would be more appropriate for
some of them.
Both Epstein and Nicholson (2009) and Dranove, Ramanarayanan, and
Sfekas (2011) investigate the prevalence of spillovers in the case of C-sections,
and neither ﬁnd much evidence for them: there is no convergence in practice
styles among physicians in the same hospitals over time. Similarly, Chan
(2015) looks at how doctors’ practice style develops early in their careers
and ﬁnds that the practice styles of attending physicians have little impact
on those junior to them. Since the C-section is often considered a rather
simple surgery, the beneﬁts from specialization may also be muted. Still,
the model we discuss below is not inconsistent with the potential existence
of either specialization or spillovers, as practice presumably does help and
doctors could learn both to be better diagnosticians and better surgeons
from observing their colleagues.
The most important insight from the Chandra and Staiger (2007) model
may be that a reduction in the use of surgery in high-use areas cannot be
Pareto-improving because patients who are good candidates for surgery
will be harmed by a decline in the skill level of the physicians serving them.
This is also a feature of the model developed by Chandra and Staiger (2011),
which more explicitly considers the overuse and underuse of invasive procedures (in their case coronary procedures for AMI patients) across hospitals. We will also argue that an across-the-board cut in C-section rates cannot be optimal because such a reduction will reduce the probability that
high-need mothers will receive the procedure. What is desirable instead is
a reallocation of C-sections from low-need to high-need mothers.
Patient preferences are often cited as a fourth potential reason for medically unnecessary procedure use. In an innovative study using vignettes
from patient and physician surveys, Cutler et al. (2013) assess the hypothesis that regional variations in procedure use are driven by differences in patient demand across areas. They conclude that patient demand is a relatively
unimportant determinant of regional variations and that the main driver is
physician beliefs about appropriate treatment that are often unsupported by
clinical evidence. Similarly, previous studies have found little evidence that
patient demand is driving the large differences in C-section rates across providers (McCourt et al. 2007).
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Finkelstein, Gentzkow, and Williams (2014) address the same question
using longitudinal Medicare claims data that allow them to track the same
patients as they move through different healthcare markets. They suggest
that about half of the observed variation in procedure use is due to supplyside factors, while half is due to patient-level, or demand-side, factors. However, they conclude that much of the variation in patient demand is driven by
exogenous patient health, so that probably it does not primarily reﬂect patient tastes for procedures. These ﬁndings agree with those of Cutler et al.
(2013) in suggesting that patient preferences play a relatively small role in explaining variations in care.
Finally, there is literature looking at more explicit ways to incentivize
doctors to “do the right thing.” Abaluck et al. (2014) consider the case of
negative test results. The idea is that if a doctor screens a lot of people for
a condition and all the tests come back negative, then this is a good indication that the doctor is overscreening. Screening tests are an important but
rather special case. With most medical interventions, we observe procedures
that were chosen and a health outcome, but it is often impossible to tell if
any speciﬁc intervention led directly to a speciﬁc outcome.
Many authors have considered incentives based on risk-adjusted patient
outcomes (see Newhouse 1994; Dranove et al. 2003; Dranove and Jin 2010;
Song et al. 2010; Newhouse et al. 2013), where the ultimate goal is to be able
to align payments with appropriate decision making (Frank and McGuire
2000). A persistent problem highlighted by this literature is that doctors
can be expected to have more information than regulators, and if they are
penalized for bad outcomes conditional on patient characteristics that the
regulators can observe, then they will have strong incentives to avoid patients their private information suggests are bad risks. Our approach is different in that we propose to evaluate physician decision making simply on
the basis of whether doctors tailor their decisions to the observable characteristics of patients in the same way as a reference or standard physician. The
standard we use in what follows is the average New Jersey obstetrician.
However, in principle, one could use any set of highly regarded physicians
to set the standard. Rather than simply assuming that physicians who have
bad outcomes made bad decisions, we then show that doctors who are less
responsive than the standard physician to the observable information about
the patient tend to have worse patient outcomes. In this way, we are able to
focus on characteristics of the decisions themselves and to validate the idea
that responsiveness to observable patient characteristics is an important dimension of decision quality. Of course, unobservable patient characteristics
are also likely to be important to decision making, but as long as these are
correlated in a systematic way with the observables in the population, then
their inﬂuence will be at least partially captured in the formation of the standard.
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III. Framework
This section lays out the empirical and theoretical framework of our
model. Empirically, we ﬁrst use all of the available data for New Jersey to
uncover how the standard physician responds to all of the observable characteristics of the patient. We do this by following a standard machine learning approach (Hastie, Tibshirani, and Friedman 2009), in which the function that describes the decision making is “trained” on data from actual
decisions. The goal is to provide an accurate representation of how doctors
map observable patient characteristics into decisions about behavior. Given
this representation, we can then identify doctors who seem to deviate systematically from the standard and ask whether this deviation has consequences for patient outcomes. It is possible for doctors who deviate to have
systematically better outcomes. For instance, if there is important unobserved information that is uncorrelated with the observables, and if good
doctors make better use of this information, then we might expect doctors
who put less weight than the standard on the observables to achieve better
patient outcomes. In fact, we will show that the opposite is true: doctors
who appear to disregard patient observables in their decision making have
worse patient outcomes.
We then interpret these results through the lens of a model of Bayesian
decision making in which decisions reﬂect information processing, prior
beliefs about the correct procedures, and surgical skill. Section III.A describes the model of patient condition, Section III.B introduces the model
of Bayesian decision making, and Section III.C connects the empirical model
to the theory.
A. Modeling Patient Condition
We begin by estimating a qualitative choice model using all of the data for
the state of New Jersey between 1997 and 2006, following Smith et al. (2004),
who show that a logistic model provides a clinically useful summary of factors related to C-section risk:
ProbfCi 5 1g 5 F ðbXi Þ:

(1)

Given the large number of physicians in the sample, the predicted probability is insensitive to the decisions of any one of them. We use the model to
construct a measure of the patient’s appropriateness for C-section:
hIi 5 bXi :

(2)

This constructed measure captures the standard of practice in New Jersey.
Note that although it only contains observable X’s, the inﬂuence of unobservables will also be reﬂected in the estimated coefﬁcients to the extent
that unobservables are systematically correlated with observables in the pop-
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ulation. Ideally, one might choose to construct hIi using only a set of “good
doctors” to form the standard, but as we will show below, there seems to be
a good deal of consensus on the ranking of different patients by appropriateness for C-section in our data.
For each doctor j ∈ J, we estimate a model of the form:
ProbfCij 5 1g 5 F ðvj hIi 1 gj Þ:
That is, each doctor has an intercept that captures that doctor’s mean likelihood of performing a C-section, as well as a slope term vj. We then investigate the extent to which these physician-speciﬁc parameters are related to
outcomes.
We let hi represent the true underlying condition of the patient and suppose that our estimate hIi (from eq. [2]) satisﬁes
hIi 5 hi 1 eIi ,

(3)

where the error term has variance j2I . The physician also has a signal of patient condition hi, and the precision of this signal is what we use as a measure
of decision making. We will show that this measure of decision making is
positively related to the slope term vj, whereas surgical skill affects the intercept term, gj but not vj.
B. Modeling Physician Decision Making
We assume that physicians maximize their utility but that they care about
patient outcomes (Gaynor, Rebitzer, and Taylor 2004; Arlen and MacLeod
2005; Currie and MacLeod 2008; Chandra, Cutler, and Song 2012). The
physician chooses between two procedures, T ∈ fN, Cg, which generate
the following physician payoffs:
 
uij ðN Þ 5 hNi 1 sNj 1 mNj PN 1 eijN ,
 
uij ðCÞ 5 hCi 1 sCj 1 mCj PC 1 aPj hPi 1 eijC :
The ﬁrst term hTi is an index of the health status of the patient when procedure T is chosen and the physician is of average procedural skill, sj is the procedural skill of the physician performing procedure T, and PT is the cost of
the procedure.1
The term hPi represents a patient preference for procedure C (if it is negative, then she prefers procedure N).2 The extent to which the physician re1

It is assumed that we have taken logs of level variables, and hence utility is any
real number (positive or negative), and the units have been deﬁned appropriately.
2
We could put these preference terms into both equations, but ultimately we are
concerned about the relative preference of procedure C to N, and so we need only
place this term into one equation.
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sponds to the preferences of the mother is denoted by aPj .3 In what follows,
we do not observe hPi , and this term can thus also be thought of as incorporating any other variables that are observed by the physician but that are unrecorded in the data.
Given information Iij, the physician chooses C if and only if
E

n

uij ðC Þ 2 uij ðN ÞjIij

o

≥ 0:

(4)

Normalizing EfeijC 2 eijN g 5 0, we can restate the physician decision rule (4)
as: The physician chooses the intensive procedure (T 5 C) if and only if
E

n

hi jIij

o

1 sj 1 mjt 1 aPj hPi ≥ 0,

(5)

where sj 5 sCj 2 sNj , mj 5 mj ðPC Þ 2 mj ðPN Þ, and hi 5 hCi 2 hNi . For simplicity, normalize hCi 5 0, so that hi 5 2hNi . The term for technical skill
(sj) increases with skill at C and decreases with skill at N. The term mj represents the relative cost of procedures C and N. Increases in the price of procedure C are expected to increase mj, while an increase in the price of procedure N would decrease this term.
Suppose that the physician has prior beliefs regarding the patient’s true
condition hi such that hi ∼ Nðh0j , j2j Þ. If h0j 1 sj 1 mj > 0, then the physician
believes that most women in the physician’s practice should be getting a
C-section. The variance of prior beliefs, j2j , represents uncertainty about the
appropriate choice. Deﬁne
Bj 5

1
:
j2j

When Bj is large (j2j is small), then the physician has strong prior beliefs that
make the physician less sensitive to the new information in Xi.
Given these beliefs, the physician observes the patient’s condition and
makes an assessment of her health status:
hij 5 hi 1 eij ,

(6)

3
Note that this linear model can be generated from a model that allows for complementarities:
 
Uij ðT Þ 5 HiT  STj  MjT PT ,

where STj is the skill of physician j at doing procedure T and Mj(PT ) is the expected
pecuniary consequence of this choice as a function of the price paid, PT for procedure T. Taking logs yields
 


uij ðT Þ 5 logðUij ðT ÞÞ 5 log HiT 1 log ðSTj Þ 1 log ðMjT PT Þ


5 hti 1 sTj 1 mTj PT :
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where eji is normally distributed with mean zero and variance j2Dj . We deﬁne
the precision of the health assessment of as
Dj 5

1
:
j2D
j

When Dj is higher, the physician makes a more accurate estimate of the patient’s condition hi and therefore is more likely to choose the correct procedure. Given these deﬁnitions we have:
PROPOSITION 1. Given a doctor’s prior beliefs about the patient’s condition h0j , the strength of the physician’s prior beliefs, Bj, the precision of
the physician’s health assessment Dj, and the physician’s information
about the patient’s condition, hij, then the physician’s medical assessment
of a patient’s condition is given by
Efhi jIij g 5 p0 hj 0 1 ph hij ,
where p0 5 Bj =ðBj 1 Dj Þ and ph 5 1 2 p0 5 Dj =ðBj 1 Dj Þ.
The proof of this and subsequent propositions is in the appendix (and follows DeGroot 1972). Physicians with higher-quality decision making are
more responsive to new information and less dependent on prior beliefs.
The ﬁnal piece of data used by the physician is the patient’s preference for
a C-section, given by hPi . Suppose that patient preferences follow an arbiP , j2 Þ, where h
 and j2 are practice-speciﬁc patrary distribution hPi ∼ Nðh
P
j
Pj
PJ
rameters that can also affect the observed decision.
This decision model illustrates that there are at least ﬁve physician characteristics that affect decision making, which can be summarized by qDj 5
fsj , h0j , Bj , Dj , aPj g, physician surgical skill, prior beliefs about patient condition, the strength of these prior beliefs, the precision of the health assessment, and the parameter from the doctor’s utility function describing how
sensitive the physician is to patient preferences. Unobserved practice charP , j2 g. Let q 5 fq , q g denote the full set
acteristics are given by qPj 5 fh
j
Dj
Pj
j
Pj
of physician and practice level characteristics.
Substituting these expressions into equation (5), it can be shown that procedure T 5 C is chosen by physician j for patient i if and only if
T ðhij , hPi jqj Þ 5 p0 h0j 1 ph hij 1 sj 1 mj 1 aPj hPi ≥ 0:

(7)

We can now derive the probability that a patient will receive procedure C as a
function of her underlying condition hi. Procedure C is chosen if and only if
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hi 1

P
p0 h0j 1 sj 1 mj 1 aP h
j
ph

≥ 2 ðeij 1 aPj ePj =phÞ,

(8)

where ejP is deﬁned as the variation from the mean of patient preferences,
P Þ. We can rewrite the second term of this equation as
ðhPj 2 h
j
gj 5

P
p0 h0j 1 sj 1 mj 1 aPj h
j
p

h

5

Bj 0
ðh 1 gj Þ 1gj ,
Dj j

P are physician-speciﬁc characteristics that are
where g
j 5 sj 1 mj 1 aPj h
j
not part of physician expectations. Let us deﬁne
z ij 5 2 ðeij 1 aPj ePj =phÞ,
which is a normally distributed random variable with mean zero and variance
j 5
2
jz

j 1
2
Dj

aPj
ph

!2

!
j

2
Pj

:

Then the probability of a C-section conditional on a patient’s true medical
condition hi is given by
Prob½Tij 5 Cjhi , qj  5 F ð^v j ðhi 1 gj ÞÞ,

(9)

where ^v j 5 1=jjz . This equation suggests that physician behavior can be characterized by an intercept and a slope. Notice that the slope term increases with
the precision of the health assessment made by the physician. In the special
case where there are no unobserved preferences for C-section (or other relevant unobserved medical information), then j2Pj 5 0. In the special case where
physicians disregard patient preferences (or unobserved medical information), then aPj 5 0. In either special case, the slope is completely determined
by the precision term, Dj. However, even in the special case where aPj 5 0,
the intercept term gj, is affected by a mix of physician beliefs, surgical skill,
and prices, as well as being negatively related to Dj. A possible interpretation of the latter is that as the health assessment becomes more diffuse
and less informative, the observable features of the patient’s condition have
less impact on treatment decisions. As discussed above, Cutler et al. (2013)
and Finkelstein et al. (2014) suggest that procedure choice is not generally
driven by patient preferences, and hence in what follows we identify variations in the slope term as primarily reﬂecting the quality of decision making.
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C. Measuring Physician Behavior
We now have a model that connects observed patient conditions to physician decision making. The ﬁnal step is to link this behavior to observables.
We cannot directly observe patient condition hi, but we can derive the probability of observing a C-section conditional on the constructed measure, hIi .
PROPOSITION 2. The probability that physician j chooses T 5 C when
patient condition is observed to be hIi is given by
 
pj hIi 5 F ðvj ðhIi 1 gj ÞÞ,
(10)
where gj can be characterized as treatment style, and the slope term, vj,
reﬂects the sensitivity of the doctor to the patient’s condition and is given
by
1
vj 5 qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ 5
2
jI 1 j2jz

1
1
j 1
Dj
2
I

!2
!21=2
Bj
2
P
1 1 ðaj jPjÞ
,
Dj

(11)

where j2jz is the variance of the doctor’s information conditional upon patient health and j2I is the variance of the measure of patient health given
the observed birth record.
This proposition summarizes the effects of physician characteristics on
procedure choice as a function of the information that we can observe. We
can directly estimate both the slope parameter, vj, and the doctor-speciﬁc intercept, gj, which together characterize a doctor’s decision making.
Since we are measuring patient condition with error, the slope term we
measure is less steep than the slope with respect to true underlying condition (vj < 1=jjz 5 ^v j ). Despite this issue, as long as our proxy for patient
condition, hIi , is correlated with true patient condition (j2I is ﬁnite), then variations in physician characteristics will lead to variations in both the intercept, gj, and the slope, vj. We now detail these effects.
1. Determinants of the Intercept Term
Equation (10) shows that any increase in gj leads to an increase in the
incidence of procedure C. This intercept is affected by several attributes
of physicians and their practices, as summarized in a corollary to proposition 2:
COROLLARY 1. The incidence of procedure C is increasing in physician beliefs (dpj ðhIj Þ=dh0j > 0), relative surgical skill for procedure
C (ðdpj ðhIj Þ=dsj > 0), and the relative pecuniary returns to procedure
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C (ðdpj ðhIj Þ=dmj > 0). It may also be affected by both patient preferP term.
ences and physician sensitivity to preferences, the aPj h
j
2. Determinants of the Slope Term
The following corollary summarizes the effects of physician characteristics on the slope term.
COROLLARY 2. The slope, vj, is increasing with the quality of physician
decision making ð∂vj =∂Dj > 0Þ, decreasing with physician sensitivity
p
ð∂vj =∂aj < 0Þ, the strength of physician prior beliefs ð∂vj =∂Bj < 0Þ, and
with the variance of patient preferences ð∂vj =∂j2pj < 0Þ. It is unaffected
by physician surgical skill, physician expectations, and treatment costs.
This result follows immediately from an inspection of the formula for the
slope in proposition 2.
Consider now the relationship between decision making and the slope
term, vj. Deﬁne the elasticity of decision making with respect to vj as
eDj ðDj Þ 5

Dj ∂vj
> 0:
vj ∂Dj

Using this deﬁnition and proposition 2 we have:
COROLLARY 3. An increase in decision-making quality increases incidence of treatment C if and only if

^ I ; 1 2 eD D h0 1 g
j 2gj :
hIi ≥ h
j
j
j
j
^ I ), an increase in decision
For patients at high risk for procedure C (hIi ≥ h
j
making increases the incidence of procedure C, while the reverse occurs for
^ Ij ). This result is in sharp contrast to the effect of
low-risk patients (hIi < h
surgical skill. If a physician is better at performing a C-section, then this increases the incidence of C-sections for all patients.
The contrasting effects of the quality of decision making and surgical skill
are illustrated in ﬁgures 1 and 2. In each ﬁgure, patients are arrayed along
the X-axis from those with the lowest values of hIi to those with the highest
values. The lower line in ﬁgure 1 illustrates the initial relationship between
the observed patient condition and the probability that the intensive procedure is performed. The upper line in ﬁgure 1 shows how this relationship
would be expected to change with increases in surgical skill. The main
takeaway is that one would expect an increase in the use of intensive procedures for both high- and low-risk patients.
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FIG. 1.—Effect of intercept upon procedure use

Figure 2 illustrates the effect of improving decision making. From cor^ Ij 5
ollary 1 we have that patients with observed condition greater than h
2gj 1 ð1 2 eDj ðDj ÞÞ have higher C-section rates when decision making
^ Ij . This is illusincreases and lower rates when hIi is less than the threshold h
trated in ﬁgure 2 by the move from the dark line to the light line. Thus, as
decision making improves, the use of the intensive procedure falls among
those with low hIi and increases among those with high hiI . Other things being equal, we expect that reallocating procedures from those who do not
need them to those who do need them will improve outcomes. The appendix
shows more formally that this is the case; see propositions A1 and A2.
IV. Data and Method
C-section is the most common surgical procedure in the United States.
The technology has been stable for a long time, and there are detailed records
on millions of births, meaning that it should be possible to use the available
data to rank pregnant women in terms of their a priori risk of C-section with
a fair degree of accuracy. Moreover, we can investigate a variety of health
outcomes, including both poor outcomes for the mother and poor outcomes
for the child and thus directly relate decision making to outcomes.
The data for this project come from approximately a million New Jersey
Electronic Birth Certiﬁcates (EBC) spanning from 1997 to 2006. In addition to information about the method of delivery, they include detailed
information about the medical condition of the mother, including the
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FIG. 2.—The effect of decision making on procedure choice

mother’s age, whether it is a multiple birth, whether the mother had a previous C-section, whether the baby is breech, whether there is a medical
emergency such as placenta previa or eclampsia that calls for C-section delivery, and whether the mother had a variety of other risk factors for the
pregnancy such as hypertension or diabetes.
Birth records include detailed information about health outcomes for
both the mother and the child, including complications that occur during
the delivery (maternal bleeding, fever, or seizures), maternal complications
that occur after the delivery, fetal distress (measured by the presence of meconium), birth injuries (fracture, dislocated shoulder, and other injuries),
and neonatal death (death in the ﬁrst 30 days of life). We also combine all
of these measures into an indicator equal to one if there was “any bad outcome.”4
Finally, the data have information about the latitude and longitude of
each woman’s residence, as well as codes for doctors and hospitals.5 The

4
We do not include low birth weight and short gestation in this index, because
they can be the direct consequence of the decision to do a C-section in an otherwise
normal pregnancy. This is why organizations such as the March of Dimes speciﬁcally targeted the elimination of non-medically-indicated (elective) deliveries before
39 weeks gestational age as a strategy to reduce prematurity.
5
These codes do not identify the physician but allow us to identify all births delivered by the same physician. We found, as a practical matter, that very few doctors
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data include demographic information about the mother, such as race,
education, marital status, and whether the birth was covered by Medicaid, all of which have been shown to be related both to the probability of
C-section and to birth outcomes.
These data are used to construct analogs of the key model concepts. Variable FðhIi Þ, the mother’s risk of C-section, is estimated using a logit model
of the probability of C-section given all of the purely medical risks recorded
in the birth data, as in equation (1). Given that we are trying to deﬁne medical risk, variables such as the type of insurance and race are not included in
the logit models, and this model is estimated using all New Jersey births
over the sample period. The estimates are shown in column 1 of table 1.
The model predicts well, with a pseudo R-squared of almost .32.
This model reﬂects actual practice but not necessarily best practice. One
might wish to estimate the model of medical risk using only the best doctors
or perhaps only the beginning of the time period when C-section rates were
much lower. We have experimented with several alternative models and
have found that the correlation between the ranking of C-section risk produced by our model and the ranking produced by the alternatives is above
.95. These alternatives included a model with fewer risk factors, a model using births from 1997 to 1999 only, and a model using only doctors who
were below the 25th percentile in terms of the fraction of births with negative outcomes in their practices. The estimated coefﬁcients were similar
in all of these models, suggesting that there is not a lot of controversy about
the ranking of which women are the best candidates for C-section, even if
(as we shall see) different doctors have much ﬂatter need-C-section proﬁles
than others.
Corollary 2 showed that the slope term in the model, vj, is affected by decision making (Dj). The empirical analog can be obtained for each doctor by
using the estimated b’s from (1) to create the index of maternal condition hIi
(this is simply bXi) and then estimating a regression model for each doctor’s
propensity to perform C-sections as a function of hIi . The estimated coefﬁcient on hIi , denoted by Decisionj, is an indicator of how sensitive the doctor
is to this index of observable indicators of patient risk and varies with decision making, as we discussed above. The distribution of slope coefﬁcients
has a mean of 1.033 and a standard deviation of 0.183. The ﬁrst percentile
is 0.576, while the 99th percentile is 1.491, suggesting that doctors range
from being quite insensitive to quite sensitive to maternal conditions. We
normalize this measure by calculating a Z-score, for ease of interpretation.
Figure 3 plots the distribution of estimated propensity scores for those
who did not get a C-section and for those who did get a C-section. The ﬁg-

practiced in more than one hospital in a single year; hence, the choice of doctor also
deﬁnes the choice of hospital.
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Table 1
Logistic Regression Model of C-Section Risk (r): All Doctors
Age < 20
Age ≥ 25 and < 30
Age ≥ 30 and < 35
Age ≥ 35
2nd birth
3rd birth
4th or higher birth
Previous C-section
Previous large infant
Previous preterm
Multiple birth
Breech
Placenta previa
Abruptio placenta
Cord prolapse
Uterine bleeding
Eclampsia
Chronic hypertension
Pregnancy hypertension
Chronic lung condition
Cardiac condition
Diabetes
Anemia
Hemoglobinopathy
Herpes
Other STD
Hydramnios
Incompetent cervix
Renal disease
Rh sensitivity
Other risk factor
Constant
Pseudo R2

Coefﬁcient

SE

Marginal Effect

2.337
.262
.434
.739
21.347
21.645
22.140
3.660
.139
2.293
2.879
3.353
3.811
2.048
1.761
.026
1.486
.745
.639
.064
2.121
.558
.131
.116
.461
.052
.616
.043
2.024
2.045
.276
21.414
.32

.013
.008
.008
.009
.007
.009
.012
.008
.029
.025
.014
.016
.054
.030
.047
.035
.096
.025
.013
.014
.020
.011
.018
.047
.024
.017
.018
.035
.031
.040
.006
.007

2.075
.058
.096
.164
2.298
2.364
2.474
.810
.031
2.065
.638
.742
.844
.454
.390
.006
.329
.165
.142
.014
2.027
.124
.029
.026
.102
.012
.136
.010
2.005
2.010
.061
2.313

NOTE.—Number of observations 5 1,169,654.

ure shows that most of the mass among those who did not get a C-section is
concentrated among those with propensity scores less than 0.35, while
among those who did get a C-section, there is a lot of mass concentrated
above 0.7 but also quite a bit of mass in the 0.1 to 0.4 range. These distributions indicate that there are individuals with no apparent observable risk
factors who nevertheless have C-sections, and perhaps more disturbingly,
there are women with many risk factors for C-section who do not receive
the procedure. For a given level of medical risk, the probability of a
C-section increased over our sample period at all but the highest risk levels,
as shown in appendix ﬁgure A1. In fact, at the start of our sample period,
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FIG. 3.—The distribution of estimated propensity scores for those with and
without C-section.

New Jersey, with a rate of 24%, had a lower C-section rate than several
other states, including Arkansas, Louisiana, and Mississippi, while by the end
of our sample period, New Jersey had pulled ahead to have the highest
C-section rate of any state, at almost 40%. Appendix ﬁgure A2 shows that
this increase was not due to a change in the underlying distribution of medical risks. The ﬁgure shows only a slight increase in the number of high-risk
cases, which is attributable to an increase in the number of older mothers,
mothers with multiple births, and women with previous C-sections (itself
driven by the increasing C-section rate).
Figure 3 also shows that those who had values of FðhIi Þ less than 0.06
(a group we designate the very-low-risk) were very unlikely to have
C-sections, while those with FðhIi Þ greater than 0.8 (a group we designate
as the very-high-risk) were highly likely to have C-sections. Of the women
deemed very-high-risk, 89% received a C-section, while among the women
deemed very-low-risk, only 6% received a C-section. We measure procedural skill by calculating the rate of any bad outcomes among very-low-risk
birth and the rate of bad outcomes among high-risk births for each doctor
and then taking the difference between them. Taking the difference in the
incidence of bad outcomes between these two groups is suggested by the
model, in which it is the difference in skill in procedure C and in procedure
N that affects the physician’s choice. The rate of bad outcomes in each group
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proxies for surgical skill because, as noted above, the vast majority of highrisk women get C-sections and most very-low-risk women do not. At the
same time, because the very-high-risk and very-low-risk groups are deﬁned
only in terms of underlying medical risk factors, the measure is not contaminated by the endogeneity of the actual choice of C-section within these risk
categories. This measure also exhibits considerable variation between doctors, with a mean of 20.0493 (given that bad outcomes are more frequent in
high-risk cases than in low-risk cases) and a standard deviation of 0.0646.
The ﬁrst percentile of this variable is 20.25, while the 99th percentile is
0.079. Again, we normalize this measure by calculating a Z-score, for ease
of interpretation.
Although relative prices for C-sections and normal deliveries have been
shown to be an important determinant of C-section rates, they are not the
main focus of our analysis and are not well measured in our data. We use
data from the Health Care Utilization Project (HCUP), which includes
hospital list charges for every discharge. For each market and year, we take
the mean price of all C-section deliveries that did not involve any other procedures less the mean price of normal deliveries without other procedures.
The mean differential was $4,711 real 2006 dollars.6
Having constructed these measures, we estimate models of the following
form:
Outcomeijt 5 f ðDecisionj , sCj 2 sNj , DPjt , Zit , month, year, zipÞ, (12)
where Outcomeijt ∈ f0, 1g, where 0 is a vaginal delivery (or good birth outcome) and 1 is a C-section (or bad birth outcome), i indexes the patient, j
indexes the doctor, and t indexes the year. The vector Zit includes maternal
age (missing, less than 20, 25–34, 35 and over), education (missing, less than
12, 12, 13–15), marital status, race/ethnicity (African American, Hispanic),
and whether the birth was covered by Medicaid, as well as the child’s gender
and indicators for birth order. We include month and year effects in order to
control for seasonal differences in outcomes and for longer term trends affecting all births in the state (e.g., due to other improvements in medical
care), zip code ﬁxed effects (3 digit) in order to control for characteristics
of the location that may be associated with both medical care and outcomes,
and we also include indicators for missing marital status, smoking, birth order, and whether the birth occurred on a weekday. The standard errors are
clustered at the level of the zip code in order to allow for unobserved correlations across a physician’s cases.

6
It is important to note that physician charges are generally separate from hospital charges and are not included in HCUP. Also, while Medicaid generally reimburses less than private insurance for deliveries, we do not ﬁnd a signiﬁcant effect of
Medicaid coverage on C-section delivery, as shown in table A1.
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Sample means are shown in table 2. The estimation sample is smaller than
in table 1 because, while we used all births to calculate the probability of
C-section, in the rest of the paper we exclude births that were not attended
by a doctor, as well as those for whom we cannot calculate our measure of
decision making (because there are too few births per provider, deﬁned as
25 or less).7 These exclusions leave us with approximately 1,000 providers,
who together deliver the vast majority of the babies in New Jersey over
the sample period. We show sample means for all women and for those
with FðhIi Þ ≤ 0:2 (low C-section risk) and those with FðhIi Þ > 0:2 (high
C-section risk). This cutoff is chosen because ﬁgure 3 suggests a gap in
C-section propensities at that value and because it divides the sample approximately in half. The ﬁrst panel shows how the outcome variables vary
with risk. As expected, higher-risk women have more C-sections and a higher
risk of a bad outcome. Examining the type of bad outcome more narrowly
suggests that women at high risk of C-section are more likely to experience
complications of labor and delivery, as well as late maternal complications, and
that their infants are at a higher risk of neonatal death.
The second panel explores the characteristics of doctors and provides
some initial evidence with regard to an important question—the extent
to which higher-risk patients see doctors with particular characteristics.
Table 2 suggests that the doctors who treat low-risk patients do vary systematically from those that treat higher-risk patients. As discussed above,
our measures of decision making and procedural skill have been transformed into Z-scores, so in the full sample, they have a mean of zero and
a standard deviation of one. Table 2 shows that, on average, high-risk patients see doctors with slightly better decision making (0.03 standard deviations) and slightly better surgical skills (0.014 standard deviations). Conversely, low-risk patients see doctors with slightly lower decision making
(20.032 standard deviations) and procedural skill (20.016 standard deviations). Thus, while there is some evidence of sorting, the extent of sorting
appears to be quite small. There is also some evidence that high-risk patients
see doctors with slightly fewer deliveries and higher shares of high-risk patients in their practices. Again, however, these differences are quite small.
The third panel of the table provides an overview of selected maternal and
child characteristics, including race and ethnicity, maternal education, marital status, and whether the birth is covered by Medicaid. The table suggests
that women at higher risk of C-section tend to be older, married, and more
likely to have private insurance rather than Medicaid. They are also more
likely to be delivering a ﬁrst child, and they are less likely to be African
American or Hispanic.

7
We also exclude a very small number of doctors who did not have at least one
high-risk patient and at least one low-risk patient.
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Table 2
Means for Full Sample and by Probability of C-Section
C-Section Risk
Outcomes:
C-section rate
Any bad outcome
Bad maternal outcome
Bleeding, fever, seizures
at delivery
Late maternal complications
Bad child outcome
Fetal distress
Birth injury
Neonatal death
Doctor characteristics:
No. of deliveries per doctor
Decision making
Procedural skill differential
Market price differential ($1,000)
Share high risk
Mother and child characteristics:
African American
Hispanic
Married
High school dropout
Teen mom
Mom age 35 or more
Smoked
Child male
Child ﬁrst born
Medicaid
Observations

Full Sample

Low Risk
of C-Section

High Risk
of C-Section

.331
.127
.055

.103
.111
.037

.545
.143
.073

.039
.019
.080
.071
.003
.004

.024
.014
.080
.073
.003
.003

.053
.024
.081
.069
.003
.006

1,019.45
(650.15)
.000
(1.000)
.000
(1.000)
4.711
(1.606)
.122

1,030.34
(674.73)
2.032
(1.013)
2.016
(1.026)
4.687
(1.590)
.116

1,009.22
(626.00)
.030
(.987)
.014
(.974)
4.734
(1.621)
.127

.158
.210
.713
.128
.030
.238
.081
.513
.398
.206
968,748

.185
.244
.645
.177
.052
.221
.090
.514
.200
.260
469,170

.132
.179
.776
.082
.009
.254
.073
.513
.584
.155
499,578

NOTE.—The analysis sample excludes birth attendants who were not physicians and birth
attendants who had too few deliveries for a measure of diagnositic skill to be computed. Standard deviations are in parentheses.

One empirical difﬁculty involved in estimating (12) is the possibility that
women choose their doctors on the basis of the doctor’s skill. If women
with high-risk pregnancies choose better doctors, then the estimated effect
of doctor skill on birth outcomes will be biased toward zero. Table 2 suggests that there is some evidence of this type of selection, although it appears
to be quite small. A second empirical problem is that we are using estimated
values of diagnostic and surgical skill, which are inevitably measured with
some error.
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One way to address these issues is to estimate models using market-level
measures of skill as instruments for individual doctor’s skill levels. Following Kessler and McClellan (1996), our deﬁnition of a hospital market is all of
the providers actually selected by women in a particular zip code in a particular year. Speciﬁcally, we include all hospitals within 10 miles of the
woman’s residence plus any hospital used by more than three women from
her zip code of residence in the birth year, and we consider all of the providers who practiced in those hospitals in that year as part of the relevant
market. Figure 4 shows the distribution of hospitals and illustrates this
way of deﬁning markets. The ﬁgure shows that most women choose nearby
hospitals but that some women bypass nearby hospitals in favor of hospitals
further away. In some cases, these are regional perinatal centers that are better equipped to deal with high-risk cases. For example, women from Princeton, New Jersey, could give birth in the hospital in town, but many travel as
far away as Morristown (two counties to the north) to deliver in other hospitals.8 Thus, there is a distinct market, or set of provider choices, facing
each woman at the time of each birth.
Given this deﬁnition of a market, we construct instruments by taking the
weighted mean of the decision-making and surgical skill measures for all
physicians in the market in the birth year, where the weights are given by
the number of deliveries by each physician.9 We interpret this instrument
as a summary measure of the choices available to a woman in a particular
market.10 By deﬁnition, these choices are affected by where women live, but
recall that we control for zip code ﬁxed effects in all our models. Therefore,
8
The ﬁgure also illustrates that the common practice of drawing a circle around a
location in order to deﬁne a market is likely to be seriously misleading: a circle wide
enough to include all the hospitals actually chosen would include hospitals that
were never chosen, and a circle wide enough to include most hospitals could miss
specialty hospitals that were further away and yet within the choice set.
9
In the crowded northern New Jersey hospital market, we included only hospitals within 5 miles of the zip code centroid.
10
Note that the rationale for this instrument has nothing to do with the presence
or absence of provider spillovers. Rather, market-level measures reﬂect what is
available to the patient and therefore will affect the type of physician chosen. Consider two markets: in A, all of the physicians are very responsive, and in B, physicians ﬂip coins in order to determine whether to do C-sections. In this scenario,
patients living in market A would be more likely to have responsive physicians,
while for those living in market B, the probability of C-section would be independent of patient condition. The main threat to identiﬁcation in this scenario would
be that patients in markets A or B might just have very different unobservables.
This is why we include market-speciﬁc ﬁxed effects. With the inclusion of these effects, we are identiﬁed using year-to-year ﬂuctuations in the types of physicians
who are available. Stable long-term differences in the populations of physicians will
be controlled by the ﬁxed effects. Hence, our identiﬁcation is only threatened if
mothers systematically change residences with the short-run ﬂuctuations in available physician types.

FIG. 4.—Illustrating the deﬁnition of a market
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variation in the set of providers facing each woman at a point in time comes
mainly from entry and exit of providers into the various markets rather
than from any ﬁxed long-term differences in the availability of services.
So as long as women are not moving in order to take advantage of yearto-year ﬂuctuations in the skill set of local physicians, our instruments will
be valid. Using instrumental variables is also a valid approach to producing
standard errors that account for the fact that the health index is estimated
in the ﬁrst step of our procedures. Our standard errors are clustered at the
zip code level to allow for possible within-zip correlation in the errors.
Table 3, which shows the ﬁrst-stage regressions, shows that these instruments are highly predictive.11 Note that it is important to include the provider actually chosen in the possible choice set. Otherwise, people living
in an area with only one provider (for whom endogeniety of provider choice
is not an issue since they only have one choice) would have to be excluded
from the model. Our argument is similar to that of Angrist, Imbens, and
Rubin (1996) in that we assume that if the mean surgical skill of doctors in
an area increases, then a woman will be more likely to end up with a highly
skilled doctor.
A third issue is that, by construction, good decision makers should be less
likely to perform C-sections on low-risk women and more likely to perform C-sections on high-risk women. Similarly, physicians with good procedural skills should have better outcomes for the high-risk relative to the
low-risk. However, it is important to note that there is no mechanical reason for our measure of decision making to affect health outcomes, and similarly there is no mechanical reason for our measure of procedural skill to
affect C-section rates. Thus, estimates of these two relationships form the
true test of our model.
V. Results
Table 4 shows both ordinary least squares (OLS) and two-stage least
squares (2SLS) estimates of equation (12), where the dependent variable
is whether there was a C-section. These models include all of the control
variables discussed above. The full OLS models for the probability of
C-section are shown in appendix table A1. Conditional on C-section risk,
African American and Hispanic women are more likely to have C-sections,
11
The IV estimate assumes that the instrument affects outcomes only through
the quality of the doctor. Yet it is conceivable that the quality of the hospital in
terms of nursing staff, for example, also matters. In this case, the IV estimate is going to pick up the “true” effect of the physician skill level plus the nearby-hospitalspeciﬁc effects. If better doctors practice in higher-quality hospitals, then the 2SLS
estimates could be biased upward. In this case, the true estimate would be bounded
by the OLS and IV. However, in practice, we found that there was as much variation in doctor quality within hospitals as between hospitals, leading us to believe
that doctors are not strongly sorted into particular hospitals.
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Table 3
First-Stage Regressions of Doctor-Level Measures on Market Skill Measures
Doctor Decision Making
Market decision making
Market surgical
R2

Doctor Surgical Skill

All

Low

High

All

Low

High

.353
(.002)
2.014
(.001)
.165

.356
(.002)
2.009
(.002)
.179

.347
(.002)
2.019
(.002)
.152

2.026
(.002)
.284
(.002)
.098

2.024
(.002)
.290
(.003)
.105

2.028
(.002)
.276
(.003)
.090

NOTE.—Standard errors (in parentheses) are clustered at the 3-digit zip code level. Regressions also include market price, estimated C-section risk, indicators for African American, Hispanics, race missing,
education (less than high school, high school, some college, missing), married, married missing, Medicaid,
Medicaid missing, teen mom, 25–34, 35 plus, smoking, smoking missing, male child, parity 2, parity 3, parity 4 plus, parity missing, month and year of birth indicators, indicators for 3-digit zip code, and an indicator for whether the birth was on a week day.

as are less educated women, single women, older mothers, and mothers of
ﬁrst-born children. These estimates suggest that the stereotype that it is primarily older, better-educated white women who are “too posh to push” may
be incorrect. The estimated effect of market prices is positive, but it is not precisely estimated.

Table 4
Effect of Doctor Decision Making and Surgical Skill on P(C-Section)
and Health Outcomes
C-Section Risk
(Ordinary Least Squares)
Dependent variable 5 C-section:
Decision making
Procedural skill difference
R2/x2
Dependent variable 5 any
bad outcome:
Decision making
Procedural skill difference
R2/x2
Observations

C-Section Risk
(Two-Stage Least Squares)

All

Low

High

All

Low

High

.004
(.002)
.003
(.002)
.410

2.011
(.002)
.003
(.001)
.044

.018
(.002)
.003
(.002)
.321

.000
(.006)
.020
(.010)
710,797

2.016
(.005)
.017
(.008)
15,293

.019
(.008)
.030
(.011)
62,526

2.008
2.007
2.009
2.013
(.002)
(.001)
(.002)
(.006)
2.017
2.008
2.027
2.058
(.002)
(.002)
(.002)
(.006)
.020
.016
.023
6,750
968,748 469,170 499,578 968,748

2.013
(.007)
2.047
(.007)
13,635
469,170

2.013
(.006)
2.072
(.006)
1,695
499,578

NOTE.—Standard errors (in parentheses) are clustered at the 3-digit zip code level. Regressions also include market price, estimated C-section risk, indicators for African American, Hispanics, race missing,
education (less than high school, high school, some college, missing), married, married missing, Medicaid,
Medicaid missing, teen mom, 25–34, 35 plus, smoking, smoking missing, male child, parity 2, parity 3, parity 4 plus, parity missing, month and year of birth indicators, indicators for 3-digit zip code, and an indicator for whether the birth was on a week day. R-squared is shown for ordinary least squares and chisquared is shown for two-stage least squares.
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As discussed above, the OLS coefﬁcients on the measures of physician
skill may be biased by selection and by measurement error. For example,
a woman who desires a C-section regardless of her medical condition will
be likely to seek a physician who does not insist on using her medical condition to determine treatment. In our taxonomy, this will be a physician
with a low slope term, which we are identifying with poor decision making.
In this case, OLS estimates of the coefﬁcients on decision making will be
biased toward zero. It is less clear how the coefﬁcient on surgical skill will
be affected. Other things being equal, a woman bent on surgery might prefer a better surgeon. However, decision making and surgical skill tend to be
positively correlated in our data (the correlation in the raw measures is 0.259),
so in choosing someone willing to disregard her medical condition, she may
also be choosing a relatively poor surgeon, in which case the coefﬁcient on
surgical skill will also be biased downward.
Table 4 suggests that the coefﬁcients on both skill measures are biased toward zero in the OLS, although we do not have the precision to reject the
null hypothesis that the OLS and 2SLS estimates of the effects of decision
making are the same. The 2SLS estimates indicate that a one standard deviation increase in decision making would reduce the risk of C-section by
1.6 percentage points among women in the lower half of the risk distribution (a 15.5% reduction in the probability of C-section for these women) but
would increase the probability of C-section by 1.9 percentage points (a 3.5%
increase in the probability of C-section) in the upper half of the distribution.
Overall, our measure of decision making has little effect, but this overall result
masks the type of heterogeneity in the effects of decision making on low-risk
and high-risk women that is predicted by our model.
An increase in surgical skill is estimated to increase the risk of C-section
for everyone. For women in the lower half of the risk distribution, the 2SLS
estimate is 1.7 percentage points, indicating that a one standard deviation increase in surgical skill would increase the risk of C-section by 16.5%.
Among women in the top half of the risk distribution, the increase is 3 percentage points, or 5.5%. In the case of surgical skill, the 2SLS estimates are
considerably larger than the OLS estimates. Table 2 does not suggest a huge
amount of selection in terms of surgical skill. However, given that each surgeon has a relatively small number of very-high-risk and very-low-risk cases
and that bad outcomes are thankfully relatively rare, our measure of surgical
skill is likely to be quite noisy. Thus, measurement error may account for the
increase in the absolute value of the estimated coefﬁcients when we move to
2SLS.
The second panel of table 4 shows the estimated effect of the two types of
skill on the probability of any bad outcome. Once again, the OLS coefﬁcients are smaller than the 2SLS coefﬁcients, and this is especially pronounced for the measures of surgical skill. The 2SLS estimates suggest that
a one standard deviation increase in decision making is associated with a
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1.3 percentage point decrease in the probability of any bad outcome among
both low-risk and high-risk women. This translates into a 15.3% decline
among the low risk and a 9.1% decline among the high risk. Similarly, a
one standard deviation increase in surgical skill reduces the probability of
any bad outcome by 42.3% among the low risk and by 50.3% among the
high risk.
Tables 5 and 6 delve more deeply into the types of bad outcomes experienced by mothers and children, respectively. Table 5 shows the effects of
skill on any bad maternal outcome and then divides these outcomes temporally into bleeding, fever, and seizures that take place during the labor and
delivery and complications that take place after the delivery (e.g., infection
or bleeding following surgery). Once again, we focus on the 2SLS results,

Table 5
Effect of Doctor Decision Making and Surgical Skill on Maternal
Health Outcomes
C-Section Risk
(Ordinary Least Squares)
All
Dependent variable 5 any bad
maternal outcome
Decision making
Procedural skill difference

High

All

Low

High

2.005 2.004
(.001) (.001)
2.013 2.005
(.002) (.001)
.018
.013

2.005
(.001)
2.022
(.002)
.016

2.004
(.003)
2.035
(.007)
4,342

2.005
(.002)
2.023
(.007)
15,389

2.003
(.003)
2.049
(.008)
1,993

2.004
(.000)
2.001
(.000)
.009

2.008
(.001)
2.013
(.001)
.011

2.012
(.002)
2.009
(.003)
13,222

2.008
(.001)
2.004
(.002)
3,679

2.016
(.003)
2.018
(.004)
2,374

R2/x2
Dependent variable 5 bleeding,
fever, seizures during delivery:
Decision making
2.006
(.000)
Procedural skill difference
2.007
(.001)
R2/x2
.013
Dependent variable 5 maternal
complications after delivery:
Decision making
.001
(.001)
Procedural skill difference
2.007
(.002)
R2/x2
.017
Observations
968,748

Low

C-Section Risk
(Two-Stage Least Squares)

2.0001
.002
.008
.003
.013
(.001)
(.001)
(.002)
(.002)
(.003)
2.004 2.011 2.028
2.021
2.036
(.001)
(.002)
(.006)
(.006)
(.007)
.013
.020
5,822
1,002
648
469,170 499,578 968,748 469,170 499,578

NOTE.—Standard errors (in parentheses) are clustered at the 3-digit zip code level. Regressions also include market price, estimated C-section risk, indicators for African American, Hispanics, race missing,
education (less than high school, high school, some college, missing), married, married missing, Medicaid,
Medicaid missing, teen mom, 25–34, 35 plus, smoking, smoking missing, male child, parity 2, parity 3, parity 4 plus, parity missing, month and year of birth indicators, indicators for 3-digit zip code, and an indicator for whether the birth was on a week day. R-squared is shown for ordinary least squares and chisquared is shown for two-stage least squares.
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Table 6
Effect of Decision Making and Surgical Skill on Child Health Outcomes
C-Section Risk
C-Section Risk
(Ordinary Least Squares) (Two-Stage Least Squares)
All
Dependent variable 5 any bad
infant outcome:
Decision making
Procedural skill difference
R2/x2
Dependent variable 5 fetal distress:
Decision making
Procedural skill difference
R2/x2
Dependent variable 5 birth injury:
Decision making
Procedural skill difference

Low

High

All

Low

High

2.005 2.005 2.006
(.001) (.001) (.001)
2.006 2.004 2.008
(.001) (.001) (.002)
.013
.010
.017

2.010 2.009
(.007) (.007)
2.031 2.029
(.009) (.009)
17,881 1,126

2.010
(.007)
2.032
(.009)
2,044

2.003 2.004 2.003
(.001) (.001) (.001)
2.003 2.003 2.004
(.001) (.000) (.001)
.013
.009
.011

2.012 2.012
(.006) (.006)
2.024 2.025
(.006) (.006)
3,964
3,997

2.012
(.006)
2.023
(.006)
2,338

.0001
.0001
.0001
.004
.003
(.000) (.000) (.000)
(.003) (.002)
2.001 2.001 2.002 2.009 2.006
(.001) (.001) (.001)
(.004) (.003)
.003
.002
.004
1,023
380

.005
(.004)
2.011
(.006)
603

R2/x2
Dependent variable 5 neonatal death:
Decision making
2.002 2.001 2.002 2.001 2.0003 2.002
(.000) (.000) (.000)
(.001) (.000)
(.001)
Procedural skill difference
2.001 2.0003 2.002
.001
.001
.001
(.000) (.000) (.000)
(.001) (.000)
(.001)
R2/x2
.007
.004
.010
2,231
1,438
2,015
Observations
968,748 469,170 499,578 968,748 469,170 499,578
NOTE.—Standard errors (in parentheses) are clustered at the 3-digit zip code level. Regressions also include market price, estimated C-section risk, indicators for African American, Hispanics, race missing,
education (less than high school, high school, some college, missing), married, married missing, Medicaid,
Medicaid missing, teen mom, 25–34, 35 plus, smoking, smoking missing, male child, parity 2, parity 3, parity 4 plus, parity missing, month and year of birth indicators, indicators for 3-digit zip code, and an indicator for whether the birth was on a week day. R-squared is shown for ordinary least squares and chisquared is shown for two-stage least squares.

which tend to be larger than the OLS estimates, especially for the surgical
skill measures. Better decision making is estimated to reduce the incidence
of bad maternal outcomes, especially for those at low risk. Among the lowrisk group, decision making signiﬁcantly reduces the incidence of bleeding,
fever, or seizures during delivery, perhaps by discouraging unnecessary
surgery. Among the high-risk group, there is no overall effect since better
diagnosis reduces the incidence of bad outcomes during delivery but increases late maternal complications. A possible interpretation is that these
women are more likely to need C-section deliveries so that providing
C-section reduces the incidence of poor outcomes during delivery. How-
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ever, major abdominal surgery is not without risk, and it increases the probability of complications after the delivery. Better surgical skills also reduce
the incidence of maternal bad outcomes, but they have a greater percentage
point impact among those at high risk than among those at low risk, which
is to be expected given that the later are more likely to have surgery.
Table 6 breaks down the infant health outcomes. The ﬁrst panel suggests
that improvements in decision making reduce poor child health outcomes,
though the 2SLS estimates are not very precise. The second panel indicates
that there is a signiﬁcant negative effect of poor decision making on the
probability of fetal distress. This is slightly offset by a positive, though
not statistically signiﬁcant, effect on the probability of birth injury. A possible interpretation is that infants are more likely to sustain an injury such as
a dislocated shoulder if a vaginal delivery is attempted. The last panel indicates that decision making has a signiﬁcant negative effect on the probability
of neonatal death, but only among the high-risk. This result suggests that
C-sections can be life-saving for infants of mothers who really require a
C-section but that unnecessary surgery does not pose a threat to the life of
the infant among the low-risk.
A. Robustness
Given that the breakdown into high- and low-risk categories is arbitrary,
one obvious way to explore the robustness of our results is by dividing
mothers differently. Moreover, because, as we showed above, there is considerable consensus about the ranking of patients by appropriateness for
C-section, we can assume that there is consensus about the high-risk and
the low-risk but perhaps controversy about the people in the middle.
Table 7 shows estimates based on three risk categories, where now low-risk
is deﬁned as the lowest quartile of FðhIi Þ, high-risk is deﬁned as the highest
quartile, and medium-risk is deﬁned as the two quartiles in the middle. The
ﬁrst row of table 7 suggests that better decision making signiﬁcantly reduces
C-sections among the lowest-risk group but that it has a large positive effect
on the highest-risk group. Better procedural skill increases C-section rates
across the board. In keeping with the previous tables, the rest of table 7 suggests that better decision making and better procedural skill are broadly
beneﬁcial, even though for the low-risk these characteristics lead to fewer
C-sections, while for the high-risk they lead to more.
Table 8 considers only ﬁrst-born children. The reason for this restriction
is that the C-section rate is very high among mothers who have already had
a C-section, and doctors may have more uncertainty about likely pregnancy
outcomes in ﬁrst births (because they do not have the birth history to rely
on). In this sample, procedural skill has much the same effect as in table 7.
Poor decision making also appears to have negative effects among the lowrisk group, though there is less evidence of a signiﬁcant effect among highrisk ﬁrst births.
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VI. Discussion and Conclusions
The previous literature on treatment choice emphasizes that it is affected
by physician skill but only allows physician skill to vary along a single dimension that can be thought of as technical skill in executing procedures, or
surgical skill. Taking a cue from the literature on expert decision making, we
develop a model that includes an additional dimension of skill: diagnostic
decision making. In our model, a good doctor is one who not only is tech-

Table 7
Two-Stage Least Squares Estimates of Effect Decision Making and Surgical
Skill, Three Risk Categories
C-Section Risk
Medium
Low
( p(csect) ≥ .084
High
( p(csect) < .084) and p(csect) ≤ .439) ( p(csect) > .439)
Dependent variable 5 C-section:
Decision making
Procedural skill difference
x2
Dependent variable 5 any bad
outcome:
Decision making
Procedural skill difference
x2
Dependent variable 5 bad maternal
outcome:
Decision making
Procedural skill difference
x2
Dependent variable: bad infant
outcome:
Decision making
Procedural skill difference
x2
Observations

2.015
(.004)
.014
(.007)
5,100

2.013
(.009)
.022
(.012)
24,066

.043
(.006)
.034
(.012)
11,817

2.009
(.007)
2.043
(.006)
4,709

2.018
(.008)
2.058
(.008)
9,404

2.010
(.003)
2.078
(.005)
5,726

2.004
(.002)
2.017
(.006)
6,11

2.008
(.004)
2.033
(.009)
2,238

.003
(.004)
2.060
(.008)
3,778

2.006
(.006)
2.029
(.007)
20,201
251,948

2.011
(.010)
2.034
(.011)
3,886
472,955

2.013
(.004)
2.025
(.007)
4,540
243,845

NOTE.—Standard errors (in parentheses) are clustered at the 3-digit zip code level. Regressions also include market price, estimated C-section risk, indicators for African American, Hispanics, race missing,
education (less than high school, high school, some college, missing), married, married missing, Medicaid,
Medicaid missing, teen mom, 25–34, 35 plus, smoking, smoking missing, male child, parity 2, parity 3, parity 4 plus, parity missing, month and year of birth indicators, indicators for 3-digit zip code, and an indicator for whether the birth was on a week day.
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Table 8
Two-Stage Least Squares Estimates of Effects of Decision Making
and Surgical Skill, Three Risk Categories, First Births Only
C-Section Risk
Medium
Low
( p(csect) ≥ .217
High
( p(csect) < .217) and p(csect) ≤ .309) ( p(csect) > .309)
Dependent variable 5 C-section:
Decision making
Procedural skill difference
x2
Dependent variable 5 any bad
outcome:
Decision making
Procedural skill difference
x2
Dependent variable 5 bad maternal
outcome:
Decision making
Procedural skill difference
x2
Dependent variable 5 bad infant
outcome:
Decision making
Procedural skill difference
x2
Observations

2.018
(.007)
.021
(.013)
3,619

2.015
(.010)
.022
(.012)
14,647

.003
(.014)
.028
(.017)
73,872

2.025
(.007)
2.066
(.011)
4,725

2.020
(.011)
2.067
(.010)
17,470

.000
(.008)
2.084
(.009)
131

2.005
(.005)
2.043
(.015)
1,179

2.011
(.004)
2.039
(.009)
6,085

.001
(.004)
2.054
(.010)
303

2.022
(.006)
2.032
(.009)
1,840
95,118

2.009
(.013)
2.04
(.013)
1,359
184,210

.0004
(.009)
2.045
(.010)
690
105,739

NOTE.—Standard errors (in parentheses) are clustered at the 3-digit zip code level. Regressions also include market price, estimated C-section risk, indicators for African American, Hispanics, race missing,
education (less than high school, high school, some college, missing), married, married missing, Medicaid,
Medicaid missing, teen mom, 25–34, 35 plus, smoking, smoking missing, male child, parity 2, parity 3, parity 4 plus, parity missing, month and year of birth indicators, indicators for 3-digit zip code, and an indicator for whether the birth was on a week day.

nically skilled but also able to draw the correct inferences from the available
data in order to match patients correctly to the procedures that are most
likely to beneﬁt them. Suppose for example, that a policy is set so that a
C-section rate of one-sixth is desired. One way to obtain a perfect rate
would be to simply roll a die and give each woman with a six a C-section.
And yet we do not think this would maximize health outcomes. Physicians
in the data with ﬂat “slopes” have both too low a C-section rate for highrisk cases and too high a C-section rate for low-risk patients. Effective pol-
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icies to address procedure use should consider the possibility of variation in
decision making and focus on assisting physicians in making the right decisions on an individual basis. Moreover, the right decision depends on the
mother-physician pair, since physicians who are more skilled at performing
surgery should have higher C-section rates, all other things being equal. In
other words, the optimal policy is a function of both the condition of the
patient and the quality of the physician’s human capital.
This simple framework yields rich predictions and allows us to distinguish between the two factors that we identify with the quality of decision
making and procedural skill. The Bayesian learning model implies that better procedural skill leads to higher use of intensive procedures across the
board for both high- and low-risk patients. In contrast, better decision making results in fewer procedures for those at low risk but more procedures for
those at high risk. That is, better decision making improves the matching
between patients and procedures and thus leads to better health outcomes
in both groups.
We estimate the model parameters using data on C-sections, the most
common surgical procedure performed in the United States. We ﬁnd
that improving decision making by one standard deviation would reduce
C-section rates by 15.5% in the lower half of the distribution of C-section
risk but would actually increase C-sections by 5.5% in the top half of the distribution. This ﬁnding suggests that not only are there too many C-sections
among women without risk factors but there are too few C-sections in
the group that really needs them. In fact, given the base rates shown in table 2, we estimate that improved decision making would have resulted in
7,490 fewer C-sections in the bottom half of the distribution but 14,975
more C-sections in the top half of the distribution, for a net increase of
7,485 C-sections. These extra C-sections among the high risk would have
generated $35 million (2006 dollars) in additional costs and might have
averted about a third of the 2,997 deaths that occurred in this high risk
group over this 10-year period, for a cost per life saved of about $35,000.
Among the low risk, the C-sections averted would have prevented about
2,346 cases of maternal complications. Of course, neonatal death is a rare outcome, and our estimates are subject to error, but taken at face value, they imply
that with only modest increases in overall costs, better decision making could
have improved outcomes for both infants and their mothers.
Our work highlights the importance of diagnostic decision making in
medicine and suggests an empirical approach to measuring it: given a prediction of a patient’s medical appropriateness for a procedure, a doctor’s decision making can be evaluated by looking at whether he or she is responsive
to this information. Note that if doctors did not respond to publicly observable information because they were basing their decisions on superior private information, then we would see that doctors who did not respond to
public information had better outcomes. We show instead that doctors
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who are not responsive to the publicly observed patient medical information typically achieve worse health outcomes.
This ﬁnding suggests then that the medical information contained in
sources such as electronic patient records could be used to improve medical decision making. We are not suggesting that doctors be replaced by
machines but that a doctor’s individual expertise, which perforce depends
on his or her individual experience, could be enhanced by applying simple
algorithms to the “big data” contained in millions of administrative medical records. Another idea that follows from these results is that if we can
distinguish between various forms of skill, then we might be able to improve outcomes by having teams deliver care. In our example, one doctor
might make the decision regarding C-section, while another doctor executed it.
Finally, it is worth considering whether our example sheds light on how
we might evaluate other types of experts. As we highlighted in the introduction, protocols and checklists have already been introduced in medicine.
While we argue that these protocols could be improved, they do highlight
the actions of doctors as well as the outcomes of patients. In contrast, there
are many markets (such as teaching) where we seek to evaluate the quality of
experts but focus almost exclusively on outcomes (e.g., student test scores)
with little attention paid to either collecting or analyzing data about the expert’s actions. This is despite a long history in labor economics of understanding that sometimes it is better to base compensation on inputs rather
than outputs (Lazear 1986). Viewed in this light, our results suggest that research on evaluating (e.g., Rockoff et al. 2010) and characterizing the actions
of successful experts (e.g., Dobbie and Fryer 2013) represents an important
ﬁrst step in the assessment of their quality.
Appendix
Proofs
Proof of Proposition 1
If x ∼ Nðm, j Þ has a normal prior distribution, and one has an observation y 5 x 1 e, where e ∼ Nð0, j2y Þ is normally distributed and independent
of x, then from theorem 1 of DeGroot (1972, section 9.5), the posterior distribution of x ∼ Nðpm 1 ð1 2 pÞy, rx 1 ry Þ, where rx 5 1=j2 and ry 5
1=j2y are the precisions of x and y, while p 5 rx =ðrx 1 ry Þ is the weight
on prior mean.
The normal distribution is called a conjugate family because when the
prior and signals are normally distributed, then so is the posterior. This allows for very simple linear learning rules. We can use other distributions,
but it would greatly complicate the analysis while providing few beneﬁts
in terms of new insights. QED
2
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Proof of Proposition 2
From (8) we have T 5 C if and only if
hIi 1

aPj ePij
1
0 0
P P
I
h
ð
p
h
1
s
1
m
1
a
Þ
≥
2
ð
e
1
e
Þ
2
:
h
j
j
j
j j
i
ij
ph
ph

(A1)

The right-hand side is a normal distribution with zero mean and variance
 s 2 !
aj jP
1
2
2
1
:
(A2)
jj 5 jI 1
Dj
ph
Hence, we can write (A1) as


1
1
P Þ ≥ e,
hIi 1 h ðp0 h0j 1 sj 1 mj 1 aPj h
j
jj
p
where e ∼ Nð0, 1Þ. Hence, we have


!
 I
1
1
I
0 0
P P
hi 1 h ðp hj 1 sj 1 mj 1 aj hj Þ ,
pj hi 5 F
jj
p

from which we obtain the result. QED
The Effect of Diagnostic and Surgical Skill on Outcomes
Let IC ðhi , qj Þ 5 1 if and only if physician j chooses procedure C for patient i with condition hi, and equal zero otherwise. Given this indicator for
procedure choice, the expected medical outcome of a patient with condition
hi being treated by physician j is given by
W ðhi Þ 5 EfsCj I C ðhi , qj Þ 1 ðhi 1 sNj Þ ð1 2 I C ðhi , qj ÞÞg,
5 sCj Prob½T 5 Cjhi , qj  1 ðhi 1 sNj Þ Prob½ T 5 Njhi , qj :
However, since physicians take into account both costs, mj, and patient
preferences, hPi , their decisions do not maximize observed medical beneﬁt,
which complicates the computation of the effect of exogenous parameters
on measured medical outcomes.
In this section, we derive the effect of physician characteristics on observed medical outcome by measured risk hIi . Formally we wish to compute
W ðhIi , qj Þ 5 EfW ðhi , qj Þ jhIi , qj g:
Since we have assumed that information about health is normally distributed, we can use results about the expectation of normally distributed ran-
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dom variables conditional on a truncated distribution to obtain a closed
form solution for patient welfare. See Birnbaum (1950).
PROPOSITION A1.

The expected medical beneﬁt from treatment satisﬁes
 
 I
 I
∂pj hIi
I
C
N
I
2
:
W ðhi , qj Þ 5 sj pj hi 1 ðsj 2 hi Þð1 2 pj hi Þ 1 jI
∂hIi

This is an exact formula that essentially replaces hi with hIi plus an adjustment term j2I ½∂pj ðhIi Þ=∂hIi  to control for the fact that we do not observe hi
but only an indicator, hIi . If we assume that the effect of physician characteristics on the ﬁnal term in welfare, j2I ½∂pj ðhIi Þ=∂hIi , is small, then we can
derive an intuitive expression for the effects of physician characteristics
on outcomes.
Consider ﬁrst the effect of surgical skill:
∂pj
∂W
5 pj ðhIj Þ 1 ðsj 1 hIi Þ C :
C
∂sj
∂sj
This formula shows that the effect of skill on patient welfare can be broken
into two parts. The ﬁrst term is always positive, indicating that for a woman
who is having the intensive procedure, more skill is always better. However,
the second term is ambiguous in sign. We know that ∂pj =∂sCj ≥ 0, so that
other things being equal, greater doctor skill increases the probability that
an intensive procedure will be performed. If sj 1 hIj ≥ 0, then the second
term is positive and greater doctor skill enhances patient welfare. However,
for a low enough value of hIj , it is possible that sj 1 hIj ≤ 0 (health status is in
log terms, and hence is negative for low values). If ∂pj =∂sCj is large enough,
then increases in doctor skill could make patients who do not need a
C-section worse off by increasing the probability that they will receive an
unnecessary procedure.
Next, consider the effect of physician sensitivity to patient condition, vj.
The variable is a combination of various aspects of physician characteristics, but we cannot separately observe these aspects. We do observe vj
and gj for each physician in our data, and hence we can ask how outcomes
would vary if we were to hold gj ﬁxed but allow vj to vary. Since vj has a
0
ﬁrst-order effect on our last term, we include it, and leave out the f 0 term.
In that case, we get
sign

∂W
5 signfðsj 1 hIj ÞðhIj 1 gj Þ 1 j2I g:
∂vj

This result illustrates the fact that the preferences of the physician take
into account their prior beliefs, costs, and patient preferences. Hence, in
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general, gj ≠ sj. Whenever hIj ∈ ½minfsj , gj g, maxfsj , gj g then it is possible to
have signð∂W=∂vj Þ < 0, but in all other cases we have a positive effect.

Proof: We can write welfare as


W hi , qj 5 sCj Prob½Tij 5 Cjhi , qj 
1 Ef2hi 1 sNj jTij 5 N, hi , qj gProb½Tij 5 Njhi , qj ,
5 sCj Prob½Tij 5 Cjhi , qj  1 sNj Prob½Tij 5 Njhi , qj 
2 E fhi jTij 5 N, hi , qj gProb½Tij 5 Njhi , qj :
Next we condition on hIi and observe that EfEfXjhi , qj gjhIi , qj g 5
EfXjhIi , qj g, since this is strictly less information. First, we already have
from equation (10):
 
Prob½Tij 5 CjhIi , qj  5 pj hIi :
Next we have from equation (8):
Efhi jTij 5 N, hIi , qj g 5 Ef hIi 2 εIi jhIi 2 εIi 1 gj ≤ z ij g,
5 Ef hIi 2 εIi jhIi 1 gj ≤ z ij 1 εIi g:
From Birnbaum (1950), we have that if X and Z are two normally distributed random variables with variances j2X and j2Y , then
!
covðX, ZÞ
q 2 EfZg
R
,
EfXjq ≤ Zg 5 EfX g 1
jQ
jQ
where RðxÞ 5 f ðxÞ=ð1 2 FðxÞÞ is the Mills ratio for the normal distribution. Applying this formula with X 5 hIi 2 εIi , Z 5 z ij 1 εIi , and q 5
j , we get
hIi 1 g
!
hIi 1 gj
j2I
,
Ef hi jTij 5 N, h , qj g 5 h 2 R
jj
jj
I
i

I
i

where jj is deﬁned in (A2). Notice that vj 5 1=jj and pj ðhIi Þ 5 Fðvj ðhIi 1
gj ÞÞ. Thus, we get
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W ðhIi , qj Þ 5 EðW ð hi , qj ÞÞ,
 
5 sCj pj hIi 1 sNj ð1 2 pj ðhIi ÞÞ

 
2 ðhIi 2 j2I vj Rðvj ðhIi 1 gj ÞÞÞ ð1 2 pj hIi Þ,
 
 
5 sCj pj hIi 1 ð sNj 2 hIj Þ ð 1 2 pj hIi Þ
1 j2I vj f ðvj ðhIi 1 gj ÞÞ:

Now
∂F ðvj ðhIi 1 gj ÞÞ
∂hIi

5 vj f ðvj ðhIi 1 gj ÞÞ,

and therefore we may write
 
 I
 I 
∂pj hIi
N
I
2
W ðh , qj Þ 5 s p hi 1 ðsj 2 hj Þ ð1 2 pj hi Þ 1 jI
:
∂hIi
I
i

C
j j

PROPOSITION A2. Suppose hIj ∉ ½minfsj , gj g, maxfsj , gj g , then increasing decision making improves medical outcomes.
Supplemental Tables and Figures
Table A1
Effect of Decision Making and Surgical Skill on Probability
of C-Section (Ordinary Least Squares)
Decision making
Procedural skill difference
Market price (coefﬁcient  100)
C-section risk
African American
Hispanic
Less than high school
High school
Some college
Married

All

Low Risk

High Risk

.004
(.002)
.003
(.002)
.276
(.226)
1.002
(.007)
.050
(.004)
.036
(.003)
.022
(.003)
.026
(.001)
.012
(.001)
2.007
(.002)

2.011
(.002)
.003
(.001)
.291
(.249)
.902
(.069)
.047
(.003)
.024
(.002)
.019
(.002)
.022
(.002)
.011
(.002)
2.009
(.003)

.019
(.002)
.003
(.002)
.285
(.221)
.906
(.009)
.050
(.005)
.051
(.005)
.026
(.005)
.032
(.003)
.013
(.002)
2.006
(.003)

Table A1 (Continued )
Medicaid
Teen mom
Mother age 25–34
Mother age 351
Mother smoked
Child male
Child 2nd born
Child 3rd born
Child 4th born or higher
R2
Observations

All

Low Risk

High Risk

.005
(.004)
2.013
(.004)
.019
(.003)
.025
(.003)
.007
(.004)
.023
(.001)
2.013
(.003)
2.018
(.003)
2.022
(.006)
.410
968,748

.007
(.004)
2.023
(.005)
.028
(.002)
.041
(.003)
.010
(.003)
.018
(.001)
2.040
(.008)
2.043
(.009)
2.034
(.010)
.044
469,170

.001
(.006)
.012
(.009)
.005
(.004)
.013
(.005)
.004
(.006)
.027
(.002)
.051
(.004)
.032
(.006)
.001
(.010)
.319
499,578

NOTE.—Standard errors (in parentheses) are clustered by 3-digit zip code. Regressions also include indicators for month and year of birth and 3-digit zip code,
as well as indicators for missing education, marital status, Medicaid coverage, smoking, parity, and an indicator for birth on a weekday.

FIG. A1.—Shift in probability of C-section given medical risk over time
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FIG. A2.—Shift in medical risks over time
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