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Abstract

We study worker interactions in a high-skill, high-stakes profession – medi-

cal sta! in the emergency department. Using rich administrative case-level data

from two hospital-based emergency departments, we start by documenting peer

e!ects among physicians. We find that physicians are 1.5 percent faster when

working with peers who are 10 percent faster. We devise a test for random

patient-physician assignment and we provide a number of tests to discern the

mechanisms underlying these spillovers. The evidence points to spillovers that

are driven primarily by faster peers responding negatively to working with slower

peers. Utilization of shared resources accounts for little of the spillover, and event-

study evidence points to spillovers that come into e!ect as soon as slower peers

begin their shifts. Going forward, we plan to further investigate causes and con-

sequences of productivity di!erentials across physicians. We also plan to leverage

quasi-random and time-varying pairings of physicians and nurses to study hierar-

chical relationships in the workplace.
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1 Introduction

Workplaces commonly feature workers interacting to jointly produce output. An impor-

tant question for the optimal organization of these workplaces is how peer interaction

influences the productivity of individual workers. Theory is ambiguous on this question:

on the one hand, if workers produce output in teams, a moral hazard problem arises in

which individuals have an incentive to shirk; on the other hand, workers may motivate

one another to provide higher e!ort (or, on the contrary, drag others down).1

Recent findings suggest that productivity spillovers operate in a variety of settings.

Mas and Moretti (2009) find substantial productivity responses of grocery store cashiers

to the introduction of a highly productive peer. Similarly, Falk and Ichino (2005)

find that university students tasked with stu"ng envelopes are more productive when

working in the same room with a productive peer. Fruit pickers are less productive

when they work in fields with their friends (Bandiera, Barankay, and Rasul 2005).2

These studies feature low-skilled workplaces, in which the social incentives of workers

are thought to be stronger than in high-skilled workplaces. To this point, Guryan,

Kroft and Notowodigdo (2009) find no evidence of peer e!ects in random groupings of

professional golfers.

In this paper, we add to the literature by documenting substantial productivity

spillovers in a high-skilled, high-stakes occupation – physicians working in the emer-

gency department (ED). The nature of clinical shift work in the ED lends itself to

answering the question of how peers influence each other’s productivity. Each patient

is assigned to one and only one physician, who is primarily responsible for directing the

care of that patient. In this sense, production in the ED is physician-specific, but the

load of work (demand) is shared across all physicians. The ED is a setting in which

problems of free-riding may arise if incentives are not placed on individual productivity,

but it is also a setting in which workers may be under various forms of peer pressure to

keep up with demand.

We use data from two hospitals, one midsize hospital in the US and one larger

private hospital in Chile. Our first finding is that productivity across physicians in

1For a theoretical discussion, see Kandel and Lazear (1992)).
2Other studies examine longer-run e!ects of coworkers on their peers’ productivity (Jackson and

Bruegmann 2009, Azoulay, Zivin, and Wang 2010). These studies use identification strategies based on
more permanent changes in a worker’s peer group, and identify parameters associated with long-term
learning and human capital spillovers, rather than the transitory e!ects studied here.
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each hospital is highly dispersed. This finding is in line with the vast literature in

health economics that documents large productivity di!erences at both the individual

and aggregate levels (Chandra and Staiger 2007, Skinner and Staiger 2009, Baicker

and Chandra 2004). Next, using variation in one’s coworkers within a given shift,

we find that working with a peer who is 10 percent more productive increases worker

productivity by 1.5 percent. There is no spillover onto quality of care, consistent with

physicians having some slack in their working up patients. This is plausible in the ED,

where physicians typically have some discretion in the pace at which they alternate

between their patients. To put this estimate in context, we calculate that replacing a

physician from the 25th percentile of the productivity distribution with one from the

75th percentile for a twelve-hour shift would allow each coworker to care for one more

patient in her shift. Physicians in our sample see an average of 15-20 patients per shift,

so we view this as a large e!ect, in terms of keeping waiting times down and freeing up

labor resources to handle higher-intensity cases.

This finding holds across the two hospitals despite their di!erences in organizational

structure – notably that one hospital pays a bonus based on patients seen, whereas the

other pays a flat hourly wage. Spillovers are observed only within physicians likely

to see similar cases. Our estimated spillover is not driven by mechanical complemen-

tarities between workers, such as those arising from patient selection or from resource

constraints. Finally, we find that in the US hospital in our sample, more productive

workers are influenced more by their coworkers, and that most of the spillover is gener-

ated by working with a coworker in the lowest tercile of the productivity distribution.

In the Chilean hospital, however, we find little evidence of heterogeneity in the spillover

e!ect. This heterogeneity (or lack thereof) has implications for the optimal sorting of

workers to shifts. If the goal were to maximize output, diversification of workers within

shifts may actually be a bad idea, but if the emergency department cares about flows

and preventing congestion, then they may still want to diversify shifts, so as not to

have their least productive workers congesting the ED and leaving it unprepared in the

event of an influx of high-acuity patients.

This paper makes several contributions. First, our setting is one in which worker

productivity has substantive externalities. Emergency department overcrowding in the

United States has garnered national attention in recent years. The Institute of Medicine

issued a report in 2007 describing hospital-based emergency care as “at the breaking

point” (Institute of Medicine, 2007). Recent evidence suggests that overcrowding of

3



EDs is associated with reduced health care quality and patient safety (Fee et al, 2007;

Hoot and Aronsky, 2008). Emergency physicians face increasing demands on their time

within the hospital, and their ability to maintain high productivity throughout a shift

is an important determinant of ED congestion.

We also contribute methodologically to the empirical literature on peer e!ects. Our

basic empirical approach is similar to that of Mas and Moretti (2009), which uses

within-shift changes in a worker’s peer group to identify productivity responses to the

introduction of a highly productive peer. However, our setting has a few key advantages

that allow us to rule out more mechanical peer e!ects. The first concern is that the

tasks assigned to a worker depend on the productivity of his peers. In our case, this

amounts to physicians being assigned di!erent types of cases when working with more

or less productive peers. To address this concern, we devise a test of patient-physician

assignment. We find that patients in each hospital are sorted to physicians primarily

based on physicians’ relative caseloads, similar to a queueing system. Most importantly,

patient observable characteristics do not predict to which physician a patient is assigned

at the time that patient arrives at the emergency department.

One potential confounder of previous estimates of peer e!ects in the workplace is

that high- and low-productivity workers could di!erentially use shared resources in

such a way that working with a low-productivity peer limits a worker’s access to this

resource, decreasing her productivity. We directly address whether resource constraints

contribute to productivity spillovers by examining whether contemporaneous procedu-

ral utilization by slower peers accounts for the estimated spillover. For example, if less

productive physicians tend to utilize more CT scans and x-rays, other physicians work-

ing at the same time as this physician will be slowed down simply because they will

have to wait to access the imaging resources. We find that contemporaneous resource

utilization of other physicians significantly slows down physicians. Nonetheless, our

spillover estimates are robust to flexibly controlling for this resource utilization.

The bulk of our evidence suggests that peer e!ects play an important role in the

emergency department, despite the workforce being highly trained and, in one hospital,

compensated partly based on productivity.
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2 Medical literature and context

In addition to adding to our economic understanding of workplace productivity, doc-

umenting the extent of peer e!ects and how they operate in the ED has significant

implications for policy, patient care, and costs in the US healthcare system. Hospital

costs in the US make up 30% of healthcare expenditures and physicians another 20%

(Martin et al 2012); increasing e"ciency of the hospital, most importantly the e"ciency

of the workforce within the hospital, promises to have large cost-savings and large ex-

ternal benefits to patients. In the ED, which is the point of entry to the healthcare

system for many, e"ciency is crucial to patient care. Overcrowding is one of the largest

policy concerns facing emergency care (IOM, 2006). Crowding has become more and

more common over the past 20 years, as demand for ED services has risen, while the

number of EDs operating has declined without any substantive increase in ED scale.

Since the 1986 enactment of the Emergency Medical Treatment and Active Labor

Act (EMTALA), EDs have been required by law to perform a medical screening on

any patients arriving at the ED to determine need for care. Health care providers,

including hospitals and physicians, point to EMTALA as one of the main reasons for

the increase in demand for medical services and the decreasing financial viability and

closure of many EDs from the mid 1990s to 2006 (DeLia and Cantor, 2009).

Other long-term changes in the nature of ED caseloads have contributed to the

need for e"cient practices. Caseloads are quite mixed in most hospitals, and range

from providing basic, time-insensitive care to those who cannot a!ord primary care

and use the ED as their de facto primary care provider, to providing timely care to

patients with acute, traumatic conditions, e.g. heart failure, major trauma from car

accidents or gunshots, or severe stroke. Workloads for emergency physicians can be

quite demanding and tend to fluctuate from one day to the next. The skills to work

under stressful and unpredictable environments, and to manage multiple patients si-

multaneously are necessary for successful delivery of emergency care. Nevertheless, we

find that physicians vary substantially in their e"ciency; within each hospital in our

sample, the most e"cient physicians are 40-50 percent more e"cient in patient care

than the least e"cient physicians. This illuminates the importance not only of the

quantity of sta"ng that allows EDs to run e"ciently, but also the mixture and abilities

of the sta!. On the intensive margin, physicians may be ine"cient, but may be able

to increase their e!ort when under substantial pressure to do so. This is not enough to
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keep an ED running smoothly, however, as large fluctuations in demand require sta!

to be in command of the patient load at all times.

Unsurprisingly, clinical sta"ng of EDs has been cited as a key factor in the process

of keeping up with patient demand, and is likely more important than constraints on

physical space within the ED (IOM, 2006). Bed and labor constraints in the inpatient

setting of the hospital (e.g. the intensive care unit) also contribute to crowding of

the ED. To provide these various types of care e"ciently, EDs need sta!, especially

physicians, who are capable of keeping up with ever-fluctuating demand for services.

3 Data

3.1 Description

We use emergency room discharge data from two hospitals in our analysis. The first

hospital (subsequently Hospital A) is a mid-size, non-profit urban hospital with about

40,000 emergency visits per year. We observe all emergency department discharges for

Hospital A from November 2011 until early January 2013, regardless of whether the

patient was discharged to home or admitted to the hospital. The emergency department

has 25 beds, and the larger hospital in which the ED is nested has over 400 beds. Within

these discharge records, we observe patient arrival time, patient complaint, patient

gender, patient age, mode of arrival, disposition of discharge, and time of discharge.

We also have administrative billing data which details primary diagnosis, charges, and

CPT procedural coding used for billing.

Hospital A’s patient mix is quite poor, and relies on public insurance. Medicaid

is the primary insurer for roughly a third of the patients, while Medicare accounts for

over a fifth of cases. Roughly 14% of cases report self-pay, i.e. no insurance, and the

remaining share of cases are insured privately (see Table 1).

For 16 hours each day, Hospital A has two physicians on duty in the ED. During the

early morning hours (1am to 9am), one physician sta!s the ED. Figure 1 illustrates the

typical shifts physicians work at Hospital A. The eleven emergency physicians at this

hospital are not employees of the hospital, but all are partners of the same physician

group. Physicians are compensated on a competitive hourly wage, and profit-sharing by

the group is proportional to the share of total clinical hours worked. Compensation for

clinical work thus boils down to hourly compensation with minimal additional incen-
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tives on quality or quantity of care.3 The physician group also employs four physician

assistants as midlevels who independently care for many of the least complicated cases

that arrive at the hospital. The hospital employs the remaining labor, including nurses

and technicians. When a patient arrives at Hospital A, details about the patient’s case

– time of arrival, severity, primary complaint, and other characteristics – are written

on a public board in the center of the ED, and the patient waits for a physician to sign

on to her case. Once a physician signs on to see a patient, the time a physician has

signed on and the identity of the physician are documented on the central board.

Physicians working at Hospital A have all worked in the physician group for at least

four years by the start of our sample. The oldest physicians have worked with the group

for over 25 years and have practiced emergency medicine for their entire careers, while

the younger physicians graduated from US medical schools roughly 10 years ago. Half

of the physicians are female.

The second hospital (henceforth Hospital B) for which we have obtained discharge

data is a large private urban hospital in Chile with roughly 80,000 emergency room

visits per year. Patients at this hospital are mostly privately insured and come from

the upper tail of the income distribution. Physicians from four specialties sta! the

emergency room at any given time.

Hospital B is amongst the two largest, highest-quality private hospitals in Chile.

It was accredited by the Joint Commission International Accreditation in 2007 and

2010, and belongs to the network of partners of Johns Hopkins. The entire hospital

has about 3000 employees, including 700 doctors. We observe 92 physicians sta"ng

the emergency department over the course of fifteen months. Hospital B has a 24-

hour emergency room with 44 beds. A typical day shift includes a surgeon (who acts

as the head of the shift), four internists, four pediatricians and two traumatologists.

A typical night shift includes one surgeon, two pediatricians, two internists, and one

traumatologist. Figure 2 provides a graphical depiction of the shifts at Hospital B.

In Chile, becoming a physician qualified to work in an ED entails five years of under-

3A formalization of the pay for physician i working hiy hours in year y is :

Wiy = hiywy +
hiy!11

j=1
hjy

!y

where !y is the group’s profits in year y, which depend on physician productivity, but also on a host
of other revenue and cost determinants, such as patient mix, the billing department’s e"ciency in
collecting revenues...
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graduate coursework, two years of internship, and finally three years of specialization.

Physicians mostly enter the ED after completing their specialization. The mean age in

our sample is 36 years, and the average tenure is 20 months. Almost 90 percent of the

physicians that see patients in the ED work at Hospital B only as ED physicians and

are not part of the sta!. In our sample the average physician works 7 shifts a month.

Physicians who are not part of the sta! complement their work at Hospital B with ED

duties and/or private consultation at other hospitals. Sta! physicians, on the other

hand, have private o"ces in the Hospital and are stakeholders. Promotion to sta! is

rare and competitive. Only one or two physicians per year are promoted to a sta!-level

position.

The labor market for ED physicians in Chile is highly competitive and salaries are

high. ER doctors at Hospital B receive a flat monthly salary of roughly US$6,000, plus

a performance bonus at the end of the year of up to one month’s salary.4 Performance

is measured in terms of number of patients seen, complaints received, and an evaluation

by the head of the ED.

The high competition for ED physicians creates substantial turnover of the physi-

cians working at Hospital B. Out of the 92 doctors in our dataset, 30 entered the

hospital during the 15 months of our sample (October 2011-December 2012). Table 2

summarizes the main characteristics of Hospital B’s emergency department physicians.

Despite di!erences in patient characteristics, patient flows at either hospital are

quite similar. However, Hospital B has a median length of stay of each patient that is

much lower than in Hospital A. Much of this di!erence is likely explained by di!erences

in the types of care and the characteristics of patients in the two settings. In Hospital

A, median throughput is just over 2 hours, and in Hospital B, median throughput is

about 70 minutes. A median throughput of 2 hours is normal for US hospitals. Hospital

B is a private, for-profit hospital with direct motivation to limit patients’ waiting times.

This likely influences Hospital B’s median throughput times, whereas Hospital A is a

non-profit with the majority of their revenues coming from public insurance. There is

quite a bit of variation across specialties in Hospital B, which is unsurprising given the

di!erences in patient pools treated by each specialty. These descriptives are shown in

Figures 3 and 4.

4Mean monthly income for salaried workers in Chile in 2011 was USD 710.

8



3.2 Sources of variation

In order to identify the e!ect of coworker ability on own productivity, a few conditions

need to hold.

1. The assignment of shifts and coworkers must be uncorrelated with omitted factors

that directly influence productivity.

2. Additionally, if one is interested in a form of peer e!ects that operate through so-

cial incentives, then assignment of patients to physicians within coworker pairs/groups

needs to be uncorrelated with other factors that influence productivity. For ex-

ample, unobservably more di"cult patients may be sorted to the best physician

on duty, inducing a mechanical peer e!ect.

From a policy perspective, this latter concern is less notable, because if one is interested

in the optimal design of shifts, the spillover parameter of interest would incorporate both

the spillover operating through peer pressure and the spillover operating through shifts

in the nature of work for each individual. Nonetheless, to address the second concern,

we condition on patient observables and on physician caseloads in all of our empirical

analyses. We also present evidence that the assignment mechanisms in either hospital

do not match patients to physicians based on any observable information except for the

physicians’ caseloads upon the arrival of the patient - so it is typically the least busy

physician who is responsible for the next patient who walks in the door, regardless of

that patient’s characteristics or chief complaint. We examine the plausibility of these

assumptions in this section.

Physician scheduling

Importantly, physicians in both settings are assigned to shifts well in advance, and with

little room for switching shifts. We observe physicians working with a variety of peer

groups throughout our samples. Physicians schedules are set at least two months in

advance of any given shift at each hospital.

At Hospital A, physicians are expected to be flexible in their scheduling, and to work

di!erent days of the week, and di!erent shifts of each day.5 This contributes to the fact

5One caveat is that not all physicians work night shifts at Hospital A. Night shifts contribute little
to the analysis, however, because half of the night shift is spent in single coverage. In the analysis, we
control for hour-by-day of week e!ects, so that the spillover is estimated within an hour of the day,
and only on cases in which peers were presently working in the ED.

9



that we observe each physician pair working together quite regularly throughout the

sample.

Table 3 shows the number of patients that each physician cares for when paired with

any of the possible set of coworkers. There are substantial numbers of patients taken

care of in most of the pairs, and by each physician within each pair. Physicians are

ranked in this chart based on their estimated e"ciency. The bottom right corner of the

table indicates the number of patients cared for by pairs of very ine"cient physicians, for

example. One can also compare mirror elements of this table across the main diagonal

to see whether a pair’s caseload loads more heavily on one physician than on another.

Indeed, from inspection of these elements, one can see that when there is imbalance

in the e"ciency of physicians on duty, the more e"cient physician, who takes care of

cases more quickly on average, provides care for more patients than the less e"cient

physician. When physicians are relatively close in terms of estimated e"ciency, they see

similar caseloads when working together. This is one way in which the spillover e!ects

may be thought to operate - more work is incurred by the faster of the physicians in

any given pairing. To adjust for the fact that faster physicians see more cases than

their slower counterparts, we include non-parametric controls for a physician’s caseload

when seeing a patient.6 7

Physicians’ caseloads are also largely a function of the number of patients available

to see. We abstract from number of patients seen as the measure of output from hereon

because of this concern.

It is highly atypical for either hospital to change the shift scheduling, or to call

in extra (potentially more productive) physicians, when unexpectedly high demand

periods occur. In this sense, there is little concern that variation in peer groups is

being driven by demand.

Patient arrivals

There does not seem to be systematic assignment of patients to physicians based on

physician productivity in either hospital. Patient characteristics, including age, sex, and

6Physicians are seeing at most X other patients during a given case, so we include dummies for
seeing 1,2,..X other patients in the regressions.

7If physicians always held constant the number of cases under their names, the skew of the distri-
bution of patients across physicians would be mechanical. Physicians have some say over the number
of beds they are using at any given time, so slower physicians could theoretically see just as many
patients, but occupy more bed-hours over the course of a shift.
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complaint, are not major factors in determining assignment of patients to physicians.

Instead, how much work a physician currently has and how much work his coworkers

have (in terms of number of patients that have previously arrived) plays the most sub-

stantial role in determining patient-physician matching. This can be seen prominently

in Figure 5, which plots the p-values from F-tests of joint significance of the labeled

variables in within-pair regressions of physician identity on patient characteristics and

the characteristics of each of the two physicians currently working at the ED, in par-

ticular their current caseloads. This test is easiest to implement in Hospital A, where

physicians work in pairs and where we observe patient’s characteristcs. We estimate

models for cases within each physician pair of the form:

1[physicianc = i] = f(! +Xc" + #RelativeCensusi + $c)

where the identity of the physician assigned to the case is regressed on patient char-

acteristics and the physician pair’s relative census, defined as the ratio of the number

of patients under care of physician i to the total number of patients under care by

physician i and physician j, the other physician in the pair. We report estimates from

linear probability models, although results look similar for logit regressions as well.

Under the null hypothesis that patients are equally likely to be assigned to either

physician, conditional on that physician’s current workload, the stacked p-values of

the F-test of joint significance from each pair should resemble a uniform distribution.

Visually, the only factors that appear to matter for patient assignment are the “Cen-

sus” factors, which are comprised of two continuous variables, one for each physician’s

caseload when the reference patient arrives at the ED at Hospital A. The assignment

mechanism seems to operate as expected – whomever is less busy signs on to the next

patient, with little influence of the characteristics of those patients on the assignment.

Preliminary results for Hospital B, in which we estimate multinomial logit regres-

sions within each team to test the assignment mechanism. We find that the main driver

of assignment in Hospital B is also relative census, defined as the share of current pa-

tients under the care of each physician at the time the reference patient enters the ED.

The main explanatory variable included in this regression, aside from relative caseload,

is an interaction of the physician’s estimated fixed e!ect with the triage severity rating

of the patient. This tests whether more severe patients are sorted to physicians di!er-

entially by physician productivity. The p-values from the F-tests in Hospital B across
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teams of physicians are plotted in the second half of Figure 5.

The productivity spillovers of peers that we document are thus unlikely to be driven

by selection of coworkers or of patients.

4 Econometric framework

Our primary measure of productivity is throughput, defined as the time between a pa-

tient arriving in the emergency department’s waiting room and that patient’s discharge

from the emergency department. We focus on throughput for several reasons. First,

it is a readily observable measure of productivity in most emergency room discharge

data, and it is used widely in the literature on the operation of EDs.8 Second, physician

throughput contributes to waiting times, patient satisfaction, and the responsiveness of

the ED to inflows of patients. Keeping up with demand is one of the largest challenges

facing EDs (Institute of Medicine, 2007), and throughput is one of the most important

factors in doing so. We acknowledge the fact that quality measures are particularly im-

portant as well in the context of medical care, and we address concerns that decreased

throughput, while having positive externalities on the set of other patients, may have

negative e!ects on the patient whose care is sped up.

For the bulk of our results, we use an empirical strategy common in the literature on

workplace peer e!ects (Mas and Moretti, 2009; Bandiera, Barankay, and Rasul, 2005).

Because the productivity data in our samples are high frequency, we can precisely

estimate an individual worker’s average productivity, net of patient, ED, and coworker

characteristics by estimating a fixed e!ects regression. We then map these estimates of

an individual’s productivity to each individual when she serves in the role of a coworker.

In a second regression, we use the estimated fixed e!ects mapped to the coworker as

righthand-side variables in explaining variations in a physician’s productivity.

To formalize this framework, assume that throughput yc of a given case c is a function

of case characteristics Xc, a physician’s fixed level of productivity %i, time fixed-e!ects

#t and the identities of other physicians currently working in the ED:

yc = ! +Xc& + %i(c) + #t(c) + Pi(c)(%1, %2, ..., %i!1, %i+1, ..., %k) + $c

8Beginning in 2014, CMS will begin using throughput in its outpatient payment updates for the
public reporting system (AHRQ 2011)
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In this form, c indexes the case, which has a number of characteristics, including a

physician i assigned to case c, i(c). Pi(c)() is the e!ect of the fixed productivity of a

physician’s current peer group on her own productivity (relative to her fixed productiv-

ity). P is written as if it may vary across physicians. In the first step of the estimation,

we replace Pi(c)() with a set of dummies, where each dummy is unique to the set of

identities in the peer group. In Hospital A, this amounts to including an indicator for

which physician is coworking with physician i(c), while in Hospital B, the coworker

group comprised of workers W1 and W2 is associated with its own dummy, and the

coworker group consisting of workers W1, W2 and W3, for example, is associated with

a separate, mutually exclusive dummy variable. The point of this first regression is to

retrieve estimates of %i, the physician fixed e!ects purged of the influence of her peers.

In the second step of this regression analysis, we replace Pi(c)() with " 1
Ncow

!
%̂!i(c),

the average fixed e!ect of physician i’s coworkers who are on duty while physician i is

taking care of patient c.9 The estimating equation is:

yc = ! +Xc& + %i(c) + #t(c) + "

!
%̂!i(c)

Ncow

+ $c (1)

This linear-in-means assumption is a functional form that is standard in the literature

on peer e!ects. In Hospital A, the estimated fixed e!ect of one’s coworker is the

average fixed e!ect. In Hospital B, more information is lost by collapsing coworker

characteristics down to their mean e"ciency, but we opt for this functional form for

the sake of comparison to other studies.

5 Results

We begin by presenting results of the baseline regression specification for Hospital A,

using log(throughput) as the outcome variable in both steps of the analysis. Columns

(1)-(3) of Table 4 present evidence of productivity spillovers with increasingly large sets

of control variables. Each of these columns use variation in a physician’s peer group

arising within an hour of the day and day of the week, and within a month. This

amounts to comparing a physician’s average throughput when working with di!erent

9We have experimented with Bayesian shrinkage techniques when including the estimated fixed
e!ects as regressors, and doing so does not a!ect our results. Bayesian shrinkage hardly alters our
estimated fixed e!ects, because our within-physician sample sizes are quite large and our estimated
physician fixed e!ects are precise.
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coworkers on, for example, di!erent Tuesdays, in the same hour of the day. We include

increasingly large sets of controls, and in column (3), we include all patient observables

(complaint, age bin, gender, mode of arrival, disposition of discharge) and time-varying

physician and ED observables (physician caseload, patients in and arriving to the ED).

Including the physician caseload is particularly important as slow coworkers could slow

down the physician because they might generate a higher caseload to her.

The point estimate of the productivity spillover is remarkably stable across these

specifications, and is precisely estimated. We estimate that having a peer who is 10

percent more e"cient over the course of the sample induces a physician to provide

contemporaneous care that is 1.8% faster. The magnitude is similar, and slightly larger,

than previous studies.10

Column (4) of Table 4 explores a di!erent source of identification – within-day

variation in one’s coworker group. In this specification, we include a dummy for each

calendar date in the sample, so that the identifying variation in peer groups is arising

through changes in one’s peers within a given day. The result for the productivity

spillover is similar, at 1.43%. The estimate is quite robust to a number of alternative

specifications not presented here, including leaving out any patients who are admitted,

exchanging the main independent variable with a dummy for whether your coworker

has an above median fixed e!ect.

Remarkably, the baseline estimates of spillovers in Hospital B are quite similar,

despite the di!erences in organization and operation from Hospital A. In Column (1)

of Table 5 we present the results of estimating 1 for the entirety of Hospital B, using a

similar specification to the one used for Hospital A. The same specification is estimated

by each specialty within Hospital B in the first column of Table 6. In each table,

the peer group on each case is the set of physicians active during the case within the

specialty other than the physician assigned to the case. We construct the peer group

this way primarily because the design of Hospital B is such that physicians primarily

interact with other physicians in the same specialty.11

The estimated magnitude of these spillovers is in line with previous studies of work-

place spillovers (Mas and Moretti 2009, Falk and Ichino 2006). In the emergency

department, e"ciency spillovers of this magnitude could have potentially large impacts

10Mas & Moretti find that having a peer group that is 10% more productive increases own produc-
tivity by 1.6 percent. Falk & Ichino estimate the e!ect at 1.4 percent.

11In later specifications, we consider the spillovers occurring across specialties within Hospital B.
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on the operation of the workplace.

The dataset for Hospital B allows us to control for the number of procedures. In

principle, slower coworkers might also be those prescribing more procedures that would

slow down the case of the rest of physicians. We address this concern by incorporating

the number of procedures of the cases seen by other physicians of the same speciality

that haven’t been discharged at the time of check-in. We also incorporate the number

of procedures of the case an additional control. The results are in Column (2) and (3) of

Table 5 and Table 6. The point estimate of the peer e!ect decreases to 0.167, but it is

still economically and statistically significant. Breaking down by specialty reveals that

the point estimate decreases for all specialties and it not longer statistically significant

for internists.

The prevalence of ED overcrowding is in no small part a function of individual

productivity. The estimated distributions of e"ciency measures in each hospital (and

within specialties in Hospital B) have wide ranges; the fastest physicians are on average

40-50 percent faster than the slowest physicians, with no evidence of lower quality

care.12 One simple interpretation of our spillover estimates is that physicians who are

on the bottom end of this distribution are not only slowing down the flow of work in

the ED through their own patient care. These physicians are also generating slowdowns

for the patients under the supervision of other on-duty physicians. Of course another

interpretation is that the fastest of the physicians generate larger e"ciency gains than

would be implied by their estimated e"ciency measures, through mechanisms such as

monitoring, peer pressure, or motivation. In the next section, we explore the possible

mechanisms underlying the spillovers we have documented.

How do the spillovers we estimate arise? These spillovers could arise due to peer

pressure as in Mas and Moretti’s study of cashiers, where less productive workers incur

a disutility from being further below the prevailing e!ort norm, especially when peers

can generate this disutility through monitoring. Alternatively, motivation to work

harder in the presence of more productive peers may explain why physicians work

faster when their peers are faster. Physicians could be influenced by their coworkers

through knowledge spillovers. Finally, physicians could be complements in production,

so that the marginal e!ort of one physician is more valuable when working with certain

other physicians.

12In later tables, we show that quality measures such as readmissions seem not to vary with physician
speed.

15



We present a number of tests to di!erentiate between or rule out the many stories

that could lead to a physician working more e"ciently when around more e"cient peers

in this section.

Congestion of shared resources

A mechanical way in which one worker’s productivity could influence the productivity of

others is through utilization of shared resources. If less productive peers perform tests

and procedures that are more resource-intensive, and if these resources are shared and

scarce, then surrounding physicians would be unable to access these resources as quickly

and may be slowed down as a result. This is one form of productivity spillovers that

relies only on the production technology. Ex ante, this may an important mechanism

through which the spillovers we estimate arise.

To test for this channel, we include as a regressor the number of procedural orders

by other physicians at the time a physician begins with the current patient. The orders

we observe in the Chilean data are primarily for imaging – x-rays and CT scans; these

are truly a scarce resource, as the emergency department has only a few machines that

perform these tasks. If the spillover we estimate is generated by congestion e!ects

that are stronger when a physician works with slower, resource-congesting peers, then

conditional on the current utilization of resources by a physician’s peers, the spillover

parameter should attenuate to 0. This is not the case. We find a modest degree

of attenuation of the spillover parameters across specialties in Hospital B when we

additionally include the procedural orders of other physicians of the same specialty in

the regressions in Table 6. The spillover estimate is most attenuated for internists; the

estimate drops from .152 to .089. For pediatricians, the estimate drops from .176 to

.135, and for traumatologists, the spillover parameter actually increases slightly from

.243 to .265. As expected, other physicians’ procedural orders are estimated to slow

down patient care. The coe"cients on others’ procedural orders are precisely estimated;

an additional 5 procedural orders on other patients when the current patient arrives

slows down her care by .65 to 2.4 percent. This channel may explain some of the

productivity spillover among internists in the Chilean hospital, but little to none in

other specialties.
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Di!erential responses

The spillover of a coworker’s productivity onto one’s own productivity may have a few

types of heterogeneity. First, some physicians may be more or less likely to respond to

their peers. A more e"cient physicians may be una!ected by her peers if the spillover

is being driven by peer pressure from faster physicians onto slower physicians. Alterna-

tively, if a less e"cient physician is unreceptive to peer pressure, then her e!ort will not

vary with whether her peers are high or low productivity. Another type of heterogeneity

lies in the spillover generated by di!erent types of workers.

One model of social interaction that may help clarify why there could be di!erential

responses is one of inequity aversion (Fehr & Schmidt, 1999) – in which agents have

a disutility associated with putting in more or less e!ort than their peers. If there is

an asymmetry in how much disutility is generated by putting in some e!ort amount

greater than one’s peer compared to putting in the same amount less e!ort than one’s

peer, then one should see di!erential responses of physicians to di!erent types of peers.

In particular, if physicians have greater distaste for being the higher e!ort peer than for

being the lower e!ort peer, less productive peers will tend to bring down a physician’s

e!ort more than more productive peers will bring up a physician’s e!ort and thus

e"ciency. This is only one model for thinking about these di!erential e!ects, and we

only try to clarify some ways in which di!erential responses to peers may be driven by

behavioral mechanisms other than peer pressure.

Here we present the results of estimating Equation 1 with interaction terms to

capture these forms of heterogeneity. In Table 9, we find that faster physicians are

more susceptible to influence from their peers productivity than slower physicians, i.e.

the interaction term in Column (1) on whether the reference physician is faster than

median with her coworker’s productivity has a positive and significant coe"cient. Other

forms of heterogeneity, as estimated in the subsequent columns show little evidence

for di!erential e!ectiveness. However, in Table 10, we estimate the e"ciency of fast,

median, and slow physicians when working with physicians of who are themselves fast,

median, or slow. The spillovers become quite evident by inspection of this table, and

it becomes clear that most if not all of the response to one’s peers are being generated

by working with the slowest peers in Hospital A.13

We estimate similar models in Hospital B, the results of which are presented in

13We cannot separately identify whether physicians are slowed down by the slow or sped up by
others, rather we can only identify the relative e!ects.
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Tables 11 and 12. The results of these interaction models in Hospital B do not seem to

support any large di!erences in the incidence of spillovers across physicians. All types

of workers respond positively to their peer group’s productivity. These results do not

support one of the primary findings of Mas & Moretti (2009), that spillovers are mostly

onto the less productive workers and are generated primarily by the most productive

workers. As such, the mechanism for the spillover in the ED is unlikely to be the result

of peer pressure through monitoring of slower physicians by faster physicians.

Considering the evidence from both hospitals, it does not appear that more produc-

tive peers are generating the spillover. If anything, in Hospital A, the e!ect is driven

primarily by the slower physicians.

Knowledge spillovers and expertise

Another potential mechanism that could generate spillovers across both the high and

low productivity physicians is a model with comparative advantage. If some physicians

specialize in certain types of patients, they may lend their expertise to other physicians

who encounter patients of those types. In Hospital A, this is more likely to happen,

as physicians are responsible for caring for all types of patients, whereas in Hospital

B, physicians explicitly specialize and only accept cases that fall under their realm of

expertise.

A rough test of whether spillovers in e"ciency are driven by physicians sharing

expertise on a particular case is to estimate patient-type-specific throughput for each

physician and to estimate spillovers for each patient-type. These tests are underpowered

in our sample, but we present the results in Table 13 for completeness. In short,

physicians do not seem to be specialists; patient-type-specific fixed e!ects for physicians

are all highly correlated with one another. Physicians seem to be either fast or slow on

all types of cases. Formalizing this section is a goal of future research.

Contagious enthusiasm or malaise

Spillovers may operate because the composition of entire groups of workers may create

an atmosphere of hard work or malaise. If this were the mechanism through which

spillovers operated, then one would expect the average e"ciency of the entire set of

physicians working in the hospital to generate spillovers. The structure of the work-

place in Hospital B is such that physicians in separate specialties see one another and
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interact in the hallways of the ED, but their workloads are distinct. This provides

a compelling research design to test for the presence of spillovers operating through

contagious enthusiasm or malaise. Spillovers should operate across specialties. In Ta-

ble 14, we estimate models in which we allow for the spillover onto physicians in one

specialty to be a linear combination of the average productivity of coworkers in the

same specialty and the average productivity of coworkers in all other specialties. We

find that spillovers across specialties are insignificant and quite small relative to the

spillovers operating within specialty. In the case of internists cross-specialty spillovers

are estimated to be negative. Spillovers are arising mostly through whom physicians

are most directly interacting with, those with whom they share a common workload

and common experience.

Spillovers across the shift

The evidence provided so far does not point to any one particular mechanism generating

the observed spillovers. Another approach to discerning how these e!ects are arising is

through direct investigation of changes in coworker. In the following section, we present

preliminary evidence using an event-study design to gain more insight.

Is the slowdown from working with a slower peer immediate, or is it something that

only manifests over the course of the shift? If the e!ect sets in gradually, then one

might think that the e!ect is coming about through a slowdown of the emergency room

resulting from the new slower physician’s procedural orders. If instead the e!ect is

immediate and persistent, the spillover is more likely generated through some form of

social interaction, rather than shared resources (e.g. CT scanners, x-rays, nurses) being

slowly backlogged by orders from the new slower physician. Additionally, if backlogging

of resources is generating the slowdown, it should persist into the future after the slow

physician has been replaced by a faster physician.14

To this end, we present evidence of the timing of the spillover e!ect, as evidenced by

a set of event studies. We focus on Hospital A because shifts there overlap imperfectly,

allowing us to examine throughput responses to discrete changes in the e"ciency of

14Our first piece of indirect evidence addressing the timing of the e!ect is from Column (4) of Table
4, which shows that variation in a physician’s peers within a calendar day is still associated with a
spillover. Since some of the shift overlaps are not that long in Hospital A, one would not expect the
physician working the second morning shift to be a!ected much by the physician working the evening
shift if indeed the e!ect is cumulative. However, the spillovers are estimated to be just slightly smaller
within day.
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your coworker. We estimate models of the form:

yc = ! +Xc& + %i(c) + #t(c) +
5"

s=!5

"s!%̂!i,c+s + $c (2)

That is, we calculate changes in a physician’s peer group’s fixed productivity over the

course of her shift, and we regress her throughput on a case on the usual set of controls,

and on lags and leads of changes in her coworker productivity. The parameters of

interest in this equation are the set of "s, which index the patient of interest, relative

to the case on which a physician has a new coworker (s = 0). In Figure 6 we present

results from this exercise in two ways. In the first panel of Figure 6, we plot the basic

estimates of 2, which demonstrate an immediate, persistent e!ect of new coworkers on

a physician’s productivity throughout the rest of the shift.15 In the second panel, we

examine how this e!ect varies when looking only at the entry of new slower physicians to

the shift. The visual evidence is striking. There appears to be a large anticipatory e!ect

of having a new slower coworker. Physicians provide speediest care to the patients they

care for just before the entry of a new slower coworker. Once the slower coworker begins

a shift, the reference physician slows down care for future patients considerably. This

is inconsistent with explanations of the spillover operating through overuse of shared

resources. Instead, this reaction may indicate that slowdowns are partly generated by

transitions and reorganization of work upon the entry of new physicians. However,

the event study is not simply examining the impact of switching coworkers; instead

it provides an estimate of the impact of switching to slower coworkers, as the plotted

estimates are regression coe"cients on changes in estimated coworker fixed e!ects from

the first-step regression.

6 Conclusions

Unlike most of the previous evidence in the literature, this paper documents peer e!ects

in a high-skilled and high-stakes profession. In particular, we show important peer-

e!ects among physicians in the emergency department. If management were to replace

a physician from the 25th percentile of the estimated productivity distribution with

one at the 75th percentile for a 12-hour shift, other physicians would be each able to

15Evidence not shown here suggests that physician throughput does not vary much across the shift,
and physicians may in fact speed up slightly through the shift, so the e!ect shown here is not one due
to tiring of physicians across the shift.
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see an additional patient. Our findings are surprisingly similar across two di!erent

institutional settings with di!erent payment incentives.

Our data allows us to discard several alternative explanations that would mechani-

cally generate spurious peer-e!ects. We devise a test for non-random patient-physician

assignment, to rule out the possibility that productive physicians are assigned more

complex cases when working with low-productivity peers. We find that cases are dis-

tributed across physicians as a function of their caseload, and that patient’s character-

istics do not predict to which physician they are assigned. On the other hand, we do

not find evidence that slow physicians decrease the productivity of their peers through

an increase in utilization of scarce resources. The data analyzed in this paper provides

fruitful avenues which we plan to explore in future research. An important feature

of emergency department care is the hierarchical interaction between physicians, who

largely order and interpret tests, and nurses, who are primarily responsible for carrying

out a physician’s orders. The hospitals in our data both feature quasi-random assign-

ment of physicians and nurses to cases, making it possible for us to assess empirically

the importance of these hierarchical relationships in the workplace. Given high rates

of turnover of physicians in Hospital B, we can also assess the degree to which learning

to work together matters for speed, spending, and outcomes, net of overall on-the-job

learning.
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7 Tables and Figures

Table 1: Payer mix at Hospital A

Insurance Type %
Medicaid 33.1
Medicare 21.0
Private 30.2
Uninsured 15.8
Total 100.0

Table 2: Physician characteristics at Hospital B, October 2012

N mean standard deviation min max
Gender (1 if male) 93 0.61 0.49
Age (in years) 92 37.4 6.02 28 54
Tenure (in months) 93 20.6 26.8 0 125
Notes: Tenure as of October 2011

Table 3: Frequency of interaction of pairs, ranked by physician e"ciency

. -0.186 -0.175 0 0.00578 0.0277 0.0577 0.0686 0.222 0.236 0.283 0.323
-0.186 0 337 425 428 435 403 399 267 292 115 357
-0.175 341 0 153 249 268 246 178 192 232 24 269

0 415 192 0 315 211 191 427 299 364 61 392
0.00578 344 251 247 0 342 122 259 172 177 61 261
0.0277 445 284 204 390 0 123 156 193 221 17 373
0.0577 326 212 152 124 118 0 110 96 127 15 237
0.0686 515 224 496 337 186 147 0 287 177 44 282
0.222 198 138 201 165 146 105 182 0 116 30 176
0.236 234 203 347 169 179 138 151 146 0 54 309
0.283 68 13 47 52 14 13 32 29 38 0 20
0.323 287 206 318 258 298 226 200 207 285 16 0
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Table 4: Estimated spillovers in Hospital A

(1) (2) (3) (4)
b/se b/se b/se b/se

%coworker 0.170""" 0.189""" 0.186""" 0.143"""

(0.038) (0.036) (0.025) (0.034)
Hour-by-day-of-week e!ects No Yes Yes No
Month e!ects No Yes Yes No
Calendar date e!ects No No No Yes
Hour e!ects No No No Yes
Other controls No No Yes Yes
R-squared 0.058 0.083 0.419 0.429
N 23350 23350 23307 23307

Standard errors clustered at the physician level.

Other controls include dummies for mode of arrival, age

of patient, sex of patient, and patient complaint.

Controls also include: number of visits by the patient

in the sample period, the total number of patients under

the care of a given patient’s physician when a patient

arrives, the total number of patients that have yet to

be discharged by the ED when a patient arrives, and the

total number arrivals in the 7 30-minute intervals before

and the 6 after the arrival of a patient.
! p < 0.10, !! p < 0.05, !!! p < 0.01
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Table 5: Estimated spillovers in Hospital B

All Internists Pediatrists Traumatologists
Average Perm. Prod of Coworkers 0.215*** 0.145*** 0.231*** 0.312***

(0.0369) (0.0470) (0.0731) (0.0546)

Number of Coworkers 0.00575 0.00199 0.00941* 0.0227
(0.00373) (0.00451) (0.00481) (0.0159)

Time Elapsed -0.0128*** -0.0141*** -0.0122*** -0.000288
(0.00166) (0.00239) (0.00261) (0.00476)

(Time Elapsed)_2 0.000322*** 0.000375*** 0.000311** -0.000369
(0.0000699) (0.0000952) (0.000119) (0.000321)

number of procedures 0.130*** 0.106*** 0.161*** 0.178***
(0.00603) (0.00469) (0.00731) (0.00998)

Observations 65064 29052 27544 8468
R2 0.372 0.301 0.379 0.255

Standard errors in parentheses

All specifications include day-of-week-hour and month dummies

* p<0.10, ** p<0.05, *** p<0.01
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Table 6: Spillovers within each specialty, Hospital B

(1) (2) (3)
lnthruput lnthruput lnthruput

Average Perm. Prod of Coworkers 0.204*** 0.170*** 0.167***
(0.0364) (0.0412) (0.0407)

Number of Coworkers 0.0144*** 0.00701** -0.000233
(0.00429) (0.00339) (0.00330)

proc_other 0.00148***
(0.000247)

procedures No Yes Yes
Observations 67468 67468 67468
R2 0.153 0.466 0.467

Standard errors in parentheses

All specifications include day-of-week-hour and month dummies

severity, time elapsed during the shift

and total number of patients under care of physican

when the patient arrives

proc_other is the number of procedures of other cases not discharged at the time of check-in

of the focal case, seen by other physicians of the same specialty

* p<0.10, ** p<0.05, *** p<0.01
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Table 7: Quality of Care, Hospital A

Readmits within 14 days, same complaint Readmits for UTI within 14 days
log(Throughput in minutes) 0.0000617 0.000104

(0.00187) (0.000643)
%i 0.00275 0.000564

(0.00769) (0.00215)
Hour-by-day-of-week e!ects Yes Yes Yes Yes
Month e!ects Yes Yes Yes Yes
Other controls Yes Yes Yes Yes
Mean of dep. var 0.03 0.03 0.00 0.00
Adjusted R2 0.036 0.036 0.007 0.007
N cases 23307 23307 23307 23307

Robust standard errors.

Controls same as basline specifications. Worker fixed e!ects included in columns (1) and (3).
! p < 0.10, !! p < 0.05, !!! p < 0.01

Table 8: Quality of Care, Hospital B

Readmitted within 14 days
(1) (2) (3)

%i 0.0177* 0.0169* 0.0133
(0.00894) (0.00922) (0.00904)

Specialty Dummies Yes Yes Yes

Time Dummies No Yes Yes

Severity Dummies No Yes Yes
Coworker group e!ects No No Yes
N 81809 81809 68206
Adjusted R2 0.00372 0.00623 0.0378

Standard errors in parentheses

* p<0.10, ** p<0.05, *** p<0.01
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Table 9: Heterogeneity in spillover by worker and coworker type, Hospital A

(1) (2) (3)
Di!. responsiveness Di!. influence Interaction

b/se b/se b/se
%coworker 0.113""" 0.211""" 0.196"""

(0.024) (0.059) (0.027)
%cow ! I{%physfast} 0.129"""

(0.033)
%cow ! I{%cowfast} -0.096

(0.080)
I{thetacowfast} -0.002

(0.010)
%cow ! %phys -0.285"

(0.135)
Hour-by-day-of-week e!ects Yes Yes Yes
Month e!ects Yes Yes Yes
Other controls Yes Yes Yes
Adj. R-squared 0.419 0.419 0.419
N cases 23307 23307 23307

Standard errors clustered at the physician level. All specification include physician fixed e!ects.

Other controls same as final column in previous table.
! p < 0.10, !! p < 0.05, !!! p < 0.01

Table 10: Throughput by pair type, Hospital A

(1) (2)
Fast/slow Fast/med/slow

b/se b/se
fastfast2type -0.268"""

(0.058)
fastslow2type -0.214"""

(0.066)
slowfast2type -0.045"""

(0.012)
fastfast3type -0.372"""

(0.039)
fastmed3type -0.393"""

(0.050)
fastslow3type -0.328"""

(0.043)
medfast3type -0.249"""

(0.024)
medmed3type -0.260"""

(0.026)
medslow3type -0.188"""

(0.027)
slowfast3type -0.033"

(0.017)
slowmed3type -0.022

(0.024)
Hour-by-day-of-week e!ects Yes Yes
Month e!ects Yes Yes
Other controls Yes Yes
Adj. R-squared 0.401 0.415
N cases 23307 23307

Standard errors clustered at the physician level.
! p < 0.10, !! p < 0.05, !!! p < 0.01
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Table 11: Heterogeneity in spillover by worker and coworker type, Hospital B

Internists
(1) (2)

Di!. responsiveness Interaction
b/se b/se

%coworker 0.158""" 0.115
(0.051) (0.102)

%cow ! I{%physfast} -0.046
(0.095)

%cow ! %phys 0.218
(0.488)

Hour-by-day-of-week e!ects Yes Yes
Month e!ects Yes Yes
Other controls Yes Yes
Adj. R-squared 0.294 0.294
N cases 29052 29052

Standard errors clustered at the physician level.

Physician fixed e!ects and all controls from previous table included.
! p < 0.10, !! p < 0.05, !!! p < 0.01

Peditricians
(1) (2)

Di!. responsiveness Interaction
b/se b/se

%coworker 0.210"" 0.284"""

(0.077) (0.057)
%cow ! I{%physfast} 0.042

(0.114)
%cow ! %phys 1.271"""

(0.366)
Hour-by-day-of-week e!ects Yes Yes
Month e!ects Yes Yes
Other controls Yes Yes
Adj. R-squared 0.373 0.373
N cases 27544 27544

Standard errors clustered at the physician level.

Physician fixed e!ects and all controls from previous table included.
! p < 0.10, !! p < 0.05, !!! p < 0.01

Traumatologists
(1) (2)

Di!. responsiveness Interaction
b/se b/se

%coworker 0.330""" 0.359"""

(0.062) (0.088)
%cow ! I{%physfast} -0.068

(0.137)
%cow ! %phys -0.451

(0.735)
Hour-by-day-of-week e!ects Yes Yes
Month e!ects Yes Yes
Other controls Yes Yes
Adj. R-squared 0.233 0.233
N cases 8468 8468

Standard errors clustered at the physician level.

Physician fixed e!ects and all controls from previous table included.
! p < 0.10, !! p < 0.05, !!! p < 0.01
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Table 12: Heterogeneity in spillover by worker type, Hospital B

(1) (2) (3)
Internists Pediatricians Traumatologists

b/se b/se b/se
%̄!i ! I(fastworker) 0.143 0.197 0.204

(0.121) (0.131) (0.126)
%̄!i ! I(medianworker) 0.139 0.210"" 0.399"""

(0.098) (0.082) (0.046)
%̄!i ! I(slowworker) 0.151""" 0.336""" 0.249

(0.042) (0.069) (0.152)
Hour-by-day-of-week e!ects Yes Yes Yes
Month e!ects Yes Yes Yes
Other controls Yes Yes Yes
Adj. R-squared 0.294 0.373 0.233
N cases 29052 27544 8468

Standard errors clustered at the physician level.

Physician fixed e!ects and all controls from previous table included.
! p < 0.10, !! p < 0.05, !!! p < 0.01

Table 13: Spillovers among patient types, Hospital A

(1) (2) (3) (4) (5) (6)
Abd Pain Chest Pain Ped Illness Resp Prob Injured Extremity Mult Complaints

b/se b/se b/se b/se b/se b/se
%coworker 0.263""" 0.009 0.232"" 0.183"" 0.082 0.186""

(0.055) (0.097) (0.096) (0.081) (0.135) (0.063)
Hour-by-day-of-week e!ects Yes Yes Yes Yes Yes Yes
Month e!ects Yes Yes Yes Yes Yes Yes
Other controls Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.307 0.094 0.310 0.402 0.303 0.265
N cases 2836 1407 736 1602 1592 2409
! p < 0.10, !! p < 0.05, !!! p < 0.01
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Table 14: Spillovers across specialties, Hospital B

(1) (2) (3)
Internists Pediatricians Traumatologists

b/se b/se b/se
%̄samespecialty 0.106"" 0.238""" 0.293"""

(0.047) (0.074) (0.061)
%̄otherspecialties -0.049 0.060 0.071

(0.046) (0.070) (0.097)
Hour-by-day-of-week e!ects Yes Yes Yes
Month e!ects Yes Yes Yes
Other controls Yes Yes Yes
Adj. R-squared 0.296 0.372 0.233
N cases 28424 27413 8457

Standard errors clustered at the physician level.

Physician fixed e!ects and all controls from previous table included.
! p < 0.10, !! p < 0.05, !!! p < 0.01

Figure 1: Shifts in Hospital A

Figure 2: Shifts in Hospital B
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Figure 3: Hospital A

Figure 4: Hospital B
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Figure 5: Patient assignment is primarily driven by physician relative censuses
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Figure 6: Event study evidence of spillovers
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