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I investigate how teamwork may reduce moral hazard by joint monitor-
ing and management. I study two organizational systems differing in
the extent to which physicians may mutually manage work: Physicians
are assigned patients in a “nurse-managed” system but divide patients
between themselves in a “self-managed” system. The self-managed sys-
tem increases throughput productivity by reducing a “foot-dragging”
moral hazard, in which physicians prolong patient stays as expected
future work increases. I find evidence that physicians in the same loca-
tion have better information about each other and that, in the self-
managed system, they use this information to assign patients.
I. Introduction
Teams have become widespread in production across many industries.
According to one summary, “teamwork has emerged in recent years as
one of the most important ways in which work is being reorganized”
(Delarue et al. 2008, 127). Broad evidence suggests that teamwork and
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other human resource management technologies are associated with
higher productivity (Hamilton, Nickerson, and Owan 2003; Ichniowski
and Shaw 2003; Bloom and Van Reenen 2007). Despite this, economists
have had little to say about how teamwork can increase worker productiv-
ity given the classic prediction that joint production leads tomoral hazard
(Alchian and Demsetz 1972; Holmstrom 1982).
In this paper, I show theoretically that teamwork can reduce moral

hazard by allowing workers to make use of better information about each
other. I then study a natural experiment in which the same emergency
department (ED) physicians work in two different organizational systems
that differ only in the extent to which physicians manage work together.
In a “nurse-managed” system, two physicians in the same location (“pod”)
are individually assigned patients by a triage nurse “manager.” In the sec-
ond, “self-managed” system, the triage nurse assigns patients to a pod
shared by two physicians, who then decide between themselves who will
care for each arriving patient.
The natural experiment I study is well designed to permit me to esti-

mate the effect of mutual management on productivity.1 During the sam-
ple period, one pod operated under a self-managed system, while the
other changed from a nurse-managed system to a self-managed system.
Most providers work in both pods over time. Patient observations are fre-
quent, with about onepatient every 9minutes, while the time period span-
ning the change is 6 years, allowingme to confirm the conditional parallel
trends assumption and use systematic placebo tests for inference.
I find that physicians perform 11–15 percent faster in the self-managed

system than in the nurse-managed system. The time a physician spends
on a patient (i.e., the patient’s length of stay) is particularly relevant be-
cause it affects waiting times, a key determinant of patient satisfaction
and health outcomes (e.g., Thompson et al. 1996), for patients to be
seen. Although estimates for mortality and return visits are imprecise, I
findnoother difference in quality, financial, or processmeasures, suggest-
ing that physicians simply delay discharging their patients and provide no
more or less care for them.
While the effect of this treatment is intrinsically interesting, it is per-

haps more important to understand the mechanisms behind such an ef-
fect. I develop a model that shows that, under asymmetric information
between physician workers and the triage nurse manager in the nurse-
managed system, physicians may want to avoid being assignedmore work
Kirschstein Individual Postdoctoral Fellowship F32-HS021044. Data are provided as supple-
mentary material online.

1 The approach of studying productivity in settings in which the work environment is
well understood is similar in spirit to other empirical studies in personnel economics
(e.g., Ichniowski, Shaw, and Prennushi 1997; Ichino and Maggi 2000; Lazear 2000; Ham-
ilton et al. 2003; Bandiera, Barankay, and Rasul 2005; Mas and Moretti 2009).
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by appearing busier than they are, keeping patients longer than neces-
sary (“foot-dragging”) in order to distort signals of their true workloads.2

In the self-managed system, physicians may use better information about
each other’s true workloads to choose patients, thereby reducing foot-
dragging relative to the nurse-managed system. However, other mecha-
nisms could be at play. The self-managed system may improve outcomes
through advantageous selection, as better patient-physician matches are
formed according to either skill or availability. Alternatively, physicians
in the self-managed system may also seek to avoid work by waiting for
their peer to pick patients first (a distinct moral hazard made possible
by the self-managed system that I distinguish with the term “free rid-
ing”). I therefore turn to the data for direct evidence on whether foot-
dragging plays an important role in the effect of self-management.
I provide direct evidence for foot-dragging by showing that, control-

ling for the actual amount of current or future work, physicians are slower
to handle current patients when the expected future workload is higher.
This pattern holds only under nurse management and not under self-
management, and the benefit of self-management disappears after ac-
counting for this effect. I also find that the physical presence of a peer
in the pod reduces foot-dragging in the nurse-managed system, consistent
both with superior information (mutual monitoring) between peers and
with social incentives against foot-dragging in the nurse-managed system.
Finally, I study patient assignment to test whether the self-managed

systemmakes use of the better information between peers. I find that pa-
tient assignment is more negatively correlated with the number of pa-
tients currently in a physician’s care in the self-managed system than
in the nurse-managed system. This is consistent with the idea that under
self-management the current workload becomes a less distorted picture
of the physician’s capacity for new patients, as in Milgrom and Roberts
(1988). I also study patient assignment in the pod switching to a self-
managed system and find evidence of enforcement against foot-dragging
during an equilibrium-building transition period, in which physicians with
higher censuses are more likely to be assigned new patients.
These findings are relevant to ED care, which costs $136 billion annu-

ally (Lee, Schuur, and Zink 2013), and to the growing health care sector of
the US economy. More broadly, they suggest how firms may reducemoral
hazard by allowing workers to manage each other. A large literature has
shown wide variation in productivity across firms (Syverson 2011). High-
level managers (Bertrand and Schoar 2003), management practices (Ich-
2 In health care, equally colorful terms of “bed hiding” and “bed blocking” have been
used to describe related phenomena that are prevalent and severe (Proudlove, Gordon,
and Boaden 2003; Meisel and Pines 2008), concerning enough for some observers to worry
about the “collapse” of the UK National Health Service (Donnelly 2013).
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niowski et al. 1997; Ichniowski and Shaw 2003; Bloom and Van Reenen
2007; Bloom et al. 2013), and group size (Gaynor, Rebitzer, and Taylor
2004) have been linked to productivity differences. However, keymanage-
ment features are difficult to describe and rarely isolated. This study adds
to the literature by isolating an important feature of teamwork—mutual
management—and illuminating a mechanism behind its effect.
Another strand of research has shown that monitoring can improve

efficiency (Nagin et al. 2002; Duflo et al. 2013). Monitoring, however,
is often considered external to the workers, even though workers likely
have better information about their peers than managers or professional
auditors. To this point, another literature on social incentives has shown
that workers can behavemore efficiently when they know that their peers
can monitor them simply because they care about what their peers think
(Kandel and Lazear 1992; Bandiera et al. 2005, 2009; Mas and Moretti
2009). Yet social incentives and mutual monitoring are often insufficient
and sometimes evendetrimental to productivity (Roy 1952; Bandiera et al.
2005). This paper demonstrates joint management as a distinct and im-
portant ingredient for workers to use shared information to improve
productivity.3

The remainder of the paper proceeds as follows. Section II outlines a
simple model of asymmetric information in the assignment of work to
explain how mutual monitoring and management between workers can
reduce foot-dragging. Section III describes the ED institutional setting
and data. Section IV reports the overall effect of the self-managed system.
Sections V and VI discuss themain evidence for foot-dragging and its mit-
igation by organizational structure and the presence of peers. Section VII
explores patient assignment in the two systems over time. Section VIII
presents conclusions.
II. Conceptual Framework
In this section, I outline a simple model of asymmetric information be-
tween physicians and the triage nurse. The purpose of this model is to
show how the self-managed system reduces foot-dragging and improves
assignment efficiency relative to the nurse-managed system, formalizing
the concept that teamwork improves productivity by “monitoring and
managing work processes” (Hackman 1986, 92).
It first is useful to clarify the focus of this model (and paper) in the

context of related concepts. By joint production, I mean the process
3 A related third strand of literature deals with decentralizing decisions to workers who
may be biased rather than having workers communicate information to managers (Aghion
and Tirole 1997; Caroli and Van Reenen 2001; Dessein 2002; Acemoglu et al. 2007). How-
ever, this literature has dealt with decentralizing decisions to single workers rather than
teams of workers who can monitor each other.
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of more than one worker making an output (e.g., waiting times in this
setting). I consider teamwork to be an organizational characteristic that
allows workers involved in joint production to monitor andmanage each
other rather than to be managed by rules or an outside manager. Most
workplaces allow somemutual monitoring, in which workers can observe
each other better than an outside manager can (and possibly influence
each other by social incentives; e.g., Mas and Moretti 2009). But team-
work additionally allows workers to manage each other’s work. This study
isolates mutual management as the key difference between the self-
managed and nurse-managed systems and focuses on its role in reducing
moral hazard.
The key feature of this model is that, by working together, workers may

observe better information about each other’s workload that they can
then use to improve efficiency by teamwork. In the model, I assume that
the triage nurse, as a distant manager, cannot observe true physician
workloads, but that physician peers may sometimes observe true work-
loads. In the nurse-managed system, to forestall new work, physicians
distort signals of true workload by prolonging patient lengths of stay
(i.e., foot-dragging). Given this distortion, the triage nurse can be better
off by committing to an ex post inefficient policy of ignoring workload
signals, even though workload signals remain informative. In the self-
managed system, however, physician peers may use information about
each other’s workload to assign new work. This reduces the threat of
foot-dragging and improves ex post assignment efficiency.
A. Stylized Pod Environment
Consider the following simple game of asymmetric information: Two
physicians j ∈ {1, 2} work in a single pod at the same time. They each have
one patient, endowing them with a low or a high workload. In addition
to the time that they take on their current patients, physicians also care
about future work—a third patient—assigned to one of them. Physician
utility is given by

uP
j 5 2ðt j 2 vjÞ2 2 KP ðvjÞIfJð3Þ 5 jg; ð1Þ

where tj is the time that physician j keeps his initial patient, vj ∈ fv; vg is
the workload entailed by his initial patient (where v > v > 0), KP ðvjÞ > 0
is the cost of getting a potential third patient conditional on vj, and J ð3Þ
denotes the physician who gets the third patient.
Type v occurs with probability p. Types are never observed by the triage

nurse, but with probability w, peers observe each other’s types. In con-
trast, the number of patients of each physician (his census) is public in-
formation at any time. The action that each physician takes is tj, which
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determines census cj ; Ifta < t jg, defined at the time of new patient ar-
rival ta. In the absence of any strategic behavior, each physician would
like to discharge his patient at tj p vj, which I assume is socially optimal
and generically captures all concerns of care (e.g., patient health and sat-
isfaction, malpractice concerns, physician effort).
The physician assigned the new patient incurs a cost, which depends

on his initial workload, vj. I specify this cost as KP ðvÞ 5 K P and KP ðvÞ 5
KP , where KP > K P > 0. This reflects the idea that neither physician
would like to get the new patient, given their preferences and financial
incentives,4 but that it is more costly for a physician with a high workload,
for example, in terms of additional effort or worse outcomes for this new
patient.
The timing of the game is as follows:

1. At time t p 0 physicians each receive one patient, discovering
vj ∈ fv; vg.

2. Physicians simultaneously choose how long they will keep their pa-
tients, tj.

3. With probability w > 0, physicians observe each other’s vj.5

4. Exactly one patient will arrive with uniform probability distributed
across the time interval ta ∈ ½v; v�. Upon arrival, this new patient is
assigned to a physician by the triage nurse (in the nurse-managed
system) or the physicians themselves (in the self-managed system).

5. Physicians complete their work on the one or two patients under
their care and end their shifts. They receive payoffs given in equa-
tion (1).

This model highlights the tension between using signals (censuses cj) of
private information (types vj) for patient assignment and the fact that
these signals can be distorted (through tj). Physicians prefer to avoid
new work (through KP ðvÞ > 0), but otherwise I assume that physicians
have no incentive to keep patients longer than socially optimal.
B. Nurse-Managed System
In the nurse-managed system, the triage nurse assigns the new patient to
a physician. I assume that physicians cannot report their types or any-
4 It is possible that KP ðvÞ < 0, e.g., when the professional gratification or financial incen-
tive for seeing new patients is great. It is easy to show that if 0 > KP > K P , then empirical
predictions will be reversed; i.e., physicians having v will try to mimic having v by speeding
up in order to get more work.

5 I show in online app. A-2.1 that physicians have a dominant strategy in that it does not
depend on the peer’s type or strategy. Thus the order of stages 2 and 3 is unimportant.
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thing else to the triage nurse but that the triage nurse can credibly com-
mit to an assignment policy prior to physicians receiving their patients.6

The triage nurse’s utility is

uN 5 2D o
j∈f1;2g

ðt j 2 vjÞ2 2 KN ðvJ ð3ÞÞ: ð2Þ

The variable D is an indicator that allows the triage nurse to care about
the treatment times of the first two patients as outcomes (if D p 1). Re-
member that tj p vj is socially optimal and that this is universally agreed
on. I specify KN ðvÞ 5 0 and KN ðvÞ 5 KN , where KN > 0. This represents
that it is managerially preferable to assign new work to a worker with a
lower workload, for example, because that worker is able to handle the
new work in a more timely or higher-quality manner. I do not restrict the
value of KN relative to KP 2 K P .

7

The triage nurse commits to an assignment policy function pN(c1, c2),
with censuses cj ∈ {0, 1}, in which she assigns the new patient arriving at t
to physician 1 with probability pN(c1, c2). To simplify the analysis, I im-
pose a symmetric policy function with pN ð0; 0Þ 5 pN ð1; 1Þ 5 1

2 and pN ;
pN ð0; 1Þ 5 12 pN ð1; 0Þ; so that pN can be understood as the probability
that a physician with the lower census (if there is one) will be assigned
the new patient. That is, aside from using information from physician
censuses, the triage nurse’s assignment policy treats the two physicians
equally. Note that pN p 1 represents what I mean by ex post efficiency,
since if the triage nurse observes cj p 0 and c2j p 1, then she can infer
that j certainly had the lower workload.
I use a perfect Bayesian equilibrium as the equilibrium concept. In

equilibrium, the triagenurse chooses the optimal assignment policy, sum-
marized by p*

N ; p*
N ð0; 1Þ, given physician discharge strategies t * and t*

for initial patients of type v and v, respectively. Given p*
N , physicians

choose optimal discharge strategies t * and t*.
Proposition 1. In the unique perfect Bayesian equilibrium for the

nurse-managed system, physicians with v and v discharge their patients
at t * > v (foot-dragging) and t* 5 v, respectively, and the triage nurse as-
signs the new patient to the physician with census 0, when the other phy-
sician has census 1, with some probability p* between one-half and one
(ex post inefficient assignment).
6 In app. A-2, I consider two alternative scenarios: (1) the pure signaling game, which
allows neither physicians to report their types nor the triage nurse to commit to an assign-
ment policy; and (2) the mechanism design game (without transfers), which allows physi-
cians to report types and the triage nurse to commit to a policy. Triage nurse commitment
and physician reporting both increase efficiency.

7 Note also that if D p 0, then it does not matter what value KN takes, as long as it is
some positive number.

This content downloaded from 171.064.154.031 on May 11, 2016 16:00:12 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).



000 journal of political economy

All
First note that the triage nurse will never want to send the new patient
with greater probability to a physician with cj > c2j. So physicians with v

will choose t* 5 v. But physicians with v have some reason to mimic hav-
ing v because the triage nurse would prefer to assign patients to a physi-
cian with a lower workload. For a given pN ; pN ð0; 1Þ previously chosen
by the triage nurse, the optimization problem of physicians with v,
maxt

j
E½uP

j ðt j ;pN ; vÞ�, yields the following unique solution:8

t * 5 v 1
K

P

2ðv2 vÞ

�
pN 2

1

2

�
: ð3Þ

As long as the triage nurse is more likely to send the new patient to a phy-
sician she believes has a lower workload (i.e., pN > 1

2), physicians with v

will foot-drag, delaying t * to at least temporarily mimic those with v.
The triage nurse commits to the assignment policy, p*

N , that maximizes
her expected utility given t * and t*. Substituting (3) into her expected
utility and solving the first-order condition yieldsp*

N . For simplicity, I pres-
ent p*

N if D p 0:

p*
N jD50 5

1

2
1

ðv2 vÞ2
K P

: ð4Þ

Equation (4) shows that the nurse’s choice of pN depends on the cost of
getting the new patient for the low-workload physician, because of his
temptation to foot-drag. Even if she wants to optimize only the assign-
ment of the third patient (i.e., Dp 0), committing to p*

N < 1 (ex post in-
efficient assignment) may improve her expected utility, which is similar
to Milgrom and Roberts’s (1988) result that managers can be better off
if they commit not to listen to subordinates who could undertake costly
“influence activities.” This commitment increases triage nurse utility by
decreasing foot-dragging.9

The assumption of a single patient arriving in the interval t ∈ ½v; v� is
convenient for representing the temptation of moral hazard for physi-
cians with v. However, in practice there are of course many new patients,
and I identify foot-dragging as the response of lengths of stay to the flow
of expected future work, defined in terms of numbers of patients arriv-
ing at the ED triage. To capture this intuition, I can extend the model by
8 For convenience, I assume interior solutions throughout this analysis. Note that t * ≤ v
and p* ≤ 1. With respect to uniqueness, as discussed in more detail in app. A-2.1, a nice
feature of this simple two-type model is that the first-order condition does not depend
on what the peer’s type or strategy is (i.e., physicians have a dominant strategy). This fea-
ture, combined with single solutions to both t * and p*

N , implies uniqueness of the perfect
Bayesian equilibrium.

9 I show this in app. A-2. In app. A-2.3, I also show that p* is even lower if D p 1.
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changing the interval over which the single patient is expected to arrive,
which results in replacing the interval v2 v in the denominator of equa-
tion (3) with some Dt ≶ v2 v, as long as t * is an interior solution. I show
details in appendix A-2.5, but the intuition is straightforward. With an
infinite flow of patients to the ED (as Dt → 0), physicians should expect
to get a new patient the minute they discharge one. With no expected
future patients (as Dt → ∞), there is no incentive to foot-drag.
C. Self-Managed System
For the self-managed system, I assume the same physician utilities and
information structure as in the nurse-managed system. The only differ-
ence is that the two physicians, not a triage nurse, are responsible for de-
ciding who gets the new patient. Physicians choose both tj and an action
that determines the assignment of the new patient.
In this section, I focus on an assignment mechanism in which physi-

cians commit to an assignment policy based on censuses, similar to the
triage nurse’s assignment policy, but with probability w may also use ob-
servations of true workload. An alternative mechanism is that physicians
cannot commit to an assignment policy and can only choose a patient,
playing a war of attrition (e.g., Bliss and Nalebuff 1984). Although both
mechanisms likely contain some truth, I present the former mechanism
in this section because playing a significant war of attrition is unlikely in
the ED setting in which patients have urgent conditions. Note that an as-
signment policy also rules out the possibility of free riding, in which phy-
sicians delay accepting patients in the self-managed system in the hopes
that their peer will accept the patient first.10 I continue the baseline as-
sumption that physicians cannot report their types. I present a brief dis-
cussion of results below; appendix A-3 contains details and derivation,
as well as a more detailed treatment of the war-of-attrition mechanism and
the possibility that physicians may report their types.
Proposition 2. Consider the unique perfect Bayesian equilibrium

for the self-managed system. If physicians can commit to a policy func-
tion and if w > 0, KP 2 K P ≥ KN , and D p 1, then there will be less foot-
dragging (t * will be lower and closer to v) and more ex post efficient as-
signment ( 1

2 < p*
N < p*

S < 1), relative to the nurse-managed system, and
no free riding.
With probability w, physicians can use each other’s observed types to

assign the new patient, and only with probability 1 2 w, physicians must
10 This is supported empirically in that physicians take only 20 minutes to write an order
after a patient’s bed arrival, which is an upper bound for the time that physicians take to
sign up for patients. As discussed in Sec. IV and shown in table 3, I also find no evidence of
an increase in time to write an order in the self-managed system.
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assign the patient using a rule pS based only on censuses. This lowers the
attractiveness of foot-dragging, as the optimal strategy for a low-type phy-
sician is

t * 5 v 1 ð12 wÞ K
P

2ðv2 vÞ

�
pS 2

1

2

�
:

Physicians can afford to commit to an assignment policy p*
S > p*

N , with
greater ex post efficiency than the triage nurse’s in the nurse-managed
system, primarily because foot-dragging is less of a threat with more in-
formation on true workloads.11

The key point of this conceptual framework is that the threat of moral
hazard is reduced in the self-managed system bymutual management that
uses better information between peers. This framework deliberately ab-
stracts from a few issues that would be useful to discuss here. First, this
model abstracts from intrinsic worker heterogeneity: I rule out perfor-
mance measurement (e.g., measuring average tj) as a managerial tool to
identify foot-dragging, because bothworkers are equally likely to foot-drag.
Second, it is natural to ask whether allowing physicians to report their

workloads to the triage nurse can eliminate moral hazard. As shown in
appendix A-2, physician reporting with discrete types eliminates foot-
dragging, but foot-dragging is restored with continuous types. Consis-
tent with the intuition in Myerson and Satterthwaite (1983), this reflects
the fact that truth telling requires a restriction of types andmessages that
physicians can report. This restriction is especially unrealistic in the ED
(andmost medical contexts): Patient information is not only continuous
but also multidimensional and complex, to the extent that communica-
tion problems exist even between doctors with no incentive misalign-
ment (e.g., Apker, Mallak, and Gibson 2007).
Third, it is useful to contrast mutual management with social incen-

tives, which also reducemoral hazardwithmutualmonitoring but through
a social cost S(�) that peers incur when seen engaging in moral hazard
(Kandel and Lazear 1992). As shown above, self-management can im-
prove efficiency without social incentives, and social incentives likewise
do not require mutual management (e.g., Mas and Moretti 2009). More
formally, one could consider the interactionbetweenorganizational struc-
ture and social incentives by adding a term like 2wGSGð⋅Þ into (1), in
which components wG and SG(�) may depend on organizational structure
11 In app. A-3.2, I show that another reason for improved ex post assignment inefficiency
is that physicians are likely to care relatively more about inefficient assignment than the
triage nurse (i.e., DKP > KN ), since the cost of inefficient assignment is scaled relative to
treating their own patients, while the triage nurse scales this relative to treating all patients.

This content downloaded from 171.064.154.031 on May 11, 2016 16:00:12 PM
 use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).



teamwork and moral hazard 000
G ∈ {N, S }. While information between peers may endogenously increase
with self-management (i.e., wS > wN), empirical work has also shown that
social incentives may reverse signs depending on payoffs to peers. In par-
ticular, if the information asymmetry is primarily between peers and the
triage nurse, peers in the self-managed system may jointly benefit from
foot-dragging, encouraging the triage nurse to assign patients to another
pod, while foot-draggingharms peers in thenurse-managed system. Social
incentives could therefore encourage foot-dragging (i.e., “gold-bricking”)
in the self-managed system (Roy 1952; Bandiera et al. 2005).12
III. Institutional Setting and Data
I study a large, academic ED with a high frequency of patient visits with a
total of 380,699 visits over 6 years. The ED is an especially appropriate
setting to study the joint production of throughput. Because the time
spent waiting for ED care is believed to adversely affect both patient sat-
isfaction and health (Thompson et al. 1996), improving throughput is a
top priority for many EDs and the focus of ED management consulting
(McHugh et al. 2011).
My primary outcome, length of stay, measures each physician’s indi-

vidual contribution, conditional on each assigned patient, to jointly pro-
duced waiting times. Patients are not shared and are rarely passed off be-
tween physicians. While waiting times are affected by a host of factors
beyond the control of a single physician, length of stay—defined as
the time between patient arrival at the pod and the physician’s discharge
order—captures the component most directly controlled by the physi-
cian and is unaffected by inpatient bed availability.
Physicians have substantial discretion in a specific patient’s length of

stay. After assuming the care of a patient, a physician may encounter clin-
ical situations that warrant a longer length of stay to ensure quality care.
To measure the quality of care, I focus on three prominent outcomes
(e.g., Lerman and Kobernick 1987; Forster et al. 2003; Schuur and
Venkatesh 2012). Thirty-day mortality is perhaps the most unambiguous
but occurs in only 2 percent of the sample. Hospital admission is a resource-
intensive discharge option, which may substitute for appropriate care in
the ED. Return visits from home within 14 days represent the comple-
mentary quality concern of premature home discharge.
12 The possibility of collusion is not explicitly considered in this model since there are
only two physicians, of whom one must be assigned the new patient; but this could be al-
lowed in a model with a third physician in a different location who could be colluded
against. Collusion of course reduces efficiency gains from self-management.
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I also consider patient-level revenue and costs that accrue to the ED
and hospital. For revenue, I use relative value units (RVUs), which are
units of physician billing for services that scale directly to dollars and re-
flect the intensity of care provided to a patient.13 For costs, I use total di-
rect costs for each patient encounter, including any costs incurred from
a resulting hospital admission. Finally, I use detailed data on physician
orders, approximately 13 per visit, including nursing, medication, labo-
ratory, and radiology orders. I do not observe the time that a physician
officially signs up for a patient, but I proxy for this using the time that
the physician writes his first order.
A. Organizational Systems
Figure 1 illustrates the two organizational schemes that I study. After pa-
tients arrive at the waiting room, or “triage,” a triage nurse decides where
and when to send them. In a nurse-managed system, beds within an ED
location (“pod”) are owned by one of potentially two physicians. The tri-
age nurse therefore serves as a manager by directly allocating new pa-
tients to physicians.14 In another self-managed system, two physicians
in the same pod share the beds and are jointly responsible for dividing
work sent to the pod by the triage nurse.
The assignment of patients to other health care providers who assist

physicians, that is, nurses and residents, does not differ between the
two systems; in both systems, nurses are assigned patients, and residents
choose patients. Regardless of the system of assignment, a single ED phy-
sician is responsible for the care of each patient once assigned, and ED
physicians rarely confer with colleagues on patient care.15 Financial in-
centives are also held constant: Physicians are paid a salary plus a 10 per-
cent productivity bonus based on clinical productivity (measured by
RVUs per hour).
Information about patients cared for by each physician is available to

all physicians in the ED and the triage nurse from a computer interface
(figs. B-8.1 and B-8.2). A salient summary statistic of workload is a physi-
13 The current “conversion factor” is $34 per RVU, and the average ED patient is billed for
2.7 RVUs of ED care, resulting in about $6 million in yearly revenue for this particular ED.

14 The assignment of patients by nurses or nonmedical staff is the predominant system of
work assignment in hospital and ED settings. This of course is “management” in a very lim-
ited sense, as the triage nurse cannot hire or fire physicians or set financial incentives. In
some settings, these nonmedical “managers”may have no discretion butmerely follow rules.

15 Unlike the intervention in Hamilton et al. (2003), the self-managed system involved
no team incentives or expectations that physicians collaborate in patient care. More signif-
icant collaboration and other human resource management practices, including team in-
centives, could further improve productivity (e.g., Ichniowski et al. 1997; Hamilton et al.
2003), which I discuss in the conclusion.
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cian’s census, or the number of patients being cared for by the physician,
but this of course can be distorted by foot-dragging. In both organiza-
tional systems, additional information available to physicians working in
the same pod but likely not the triage nurse (or physicians outside of the
pod) stems from closer observation of peer behavior (e.g., Does the peer
appear busy? Is he talking to nurses?) and of events relevant to patient sta-
tus (e.g., Are staff frequently in the room of a peer’s patient?).
FIG. 1.—Patient-to-physician assignment algorithm. The figure shows the patient assign-
ment algorithm, starting with patient arrival at ED triage and ending with assignment to a
physician. In ED triage, the triage nurse decides which pod and bed to send the patient to.
If the triage nurse decides to send the patient to a pod with a nurse-managed system (if one
exists), then she also makes the decision on which physician will be assigned the patient
because physicians own beds. If she decides to send the patient to a pod with a self-managed
system, then she does not assign the physician. The physicians currently working in the self-
managed pod will decide among themselves on that assignment. Although not shown in
the figure, the triage nurse always assigns the bed and the nurse; she never assigns the res-
ident, since residents in either pod choose their own patients or are told by physicians to
see patients.
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B. Features for Identifying the Overall Effect
The ED has two pods: “Alpha” and “Bravo.” Alpha pod has always had a
self-managed system. Bravo pod used to be nurse managed but became
self-managed in March 2010. The regime change in Bravo pod resulted
from a simple intervention in which beds that physicians previously
owned became shared. Prior to the change, Bravo bed ownership was as-
signed by nonoverlapping regions, Bravo 1 and Bravo 2. The change did
not affect the physical layout of beds but formally allowed physicians to
see patients in any Bravo bed.
The reason for this switch was to allow greater flexibility in patient as-

signment within a pod, as Bravo became increasingly busy over time. Ac-
cording to interviews with ED administrators and physicians, the switch
was not considered a significant change in organizational structure, and
overall implications for efficiency were not apparent.16 Schedules and
staffing for providers andalgorithms for patient assignment to beds, nurses,
and residents remained unchanged. In fact, preassigned shifts retained ves-
tigial Bravo 1 and Bravo 2 labels until the next academic year in July 2010.
Although the switch was announced in January 2010, there was no formal
pilot period. The switch involved no other administrative changes, includ-
ing other interventions to promote teamwork.17

As an important time-invariant difference, Alpha pod has always been
open 24 hours, while Bravo pod has always closed at night. As a result, pa-
tients who need to stay longer, because they are either sicker or have con-
ditions that might make discharge difficult (e.g., psychiatric patients),
have tended to be sent to Alpha pod. Closing Bravo every night may also
prompt earlier discharges for patients in the pod as it nears closing. In ad-
dition to this difference, as the ED volume increased over time, Bravo—
the traditionally less intensive pod—received more patients and more
time-intensive patients over time.18

Providers work in both pods over time, and the vast majority of pro-
viders are therefore observed in both organizational systems. I observe
92 physicians, 364 nurses, and 986 residents in the data. Among these,
75 physicians, 334 nurses, and 882 residents, constituting 11,865 unique
16 In fact, in May 2011, the ED moved both pods to the nurse-managed system, only to
discover later that it significantly reduced efficiency. They reversed this organizational
change in January 2012. I do not use data after May 2011 to study organizational systems
at the pod level, because both pods switched systems and because May 2011 also witnessed
the opening of a third pod, Charlie.

17 In contrast, e.g., the May 2011 switch was trumpeted as a major reorganization and was
accompanied by a pilot period and team-building workshops.

18 For example, patients in Alpha were older and had more severe conditions, but this
difference diminished over time. I show differences in observable patient characteristics
between the pods over time in app. B-1.1. As I will discuss later, this works against finding
improvements in productivity in Bravo.
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physician-nurse-resident trios, are observed in both organizational sys-
tems.19

For each visit, I observe patient demographics, including age, sex, race,
language, zip code of residence, and insurance status. I capture patient
severity by the Emergency Severity Index, a five-level ED triage algorithm
based on a patient’s pain level, mental status, vital signs, andmedical con-
dition (Tanabe et al. 2004); in some specifications, I also use the time
spent in triage relative to other patients as a measure of the triage nurse’s
judgment of the patient’s (lack of) urgency. Diagnoses are recorded as
International Statistical Classification of Diseases, Version 9, codes and
summarized for analysis as Elixhauser indices, which are 30 dummies
for relevant comorbidities, such as heart failure or diabetes (Elixhauser
et al. 1998).
C. Features for Identifying Foot-Dragging
Mutual management may affect productivity in multiple ways. In addi-
tion to reducing foot-dragging, workers may match to work better ac-
cording to their skills and availability. If workers cannot commit to an as-
signment policy, they may also delay their acceptance of new work in the
hopes that their peer will accept the work first (“free riding”). Finally,
mutual management as a new task may incur an additional burden to
workers and reduce their productivity.
My primary identification of foot-dragging relies on physician re-

sponses to shocks in expected future work, supported by two features
of the setting. First, patient flow in the ED is highly unpredictable, even
conditioning on rough time categories used for physician scheduling
(app. B-5.1). Physician schedules are determined 1 year in advance, and
physicians are able to request only rare specific shifts off, such as holi-
days or vacation days.20 Once working on a shift, physicians cannot con-
trol the volume and types of patients arriving in the ED.21 Conditional on
the month-year, day of the week, and hour of the day, I find that physi-
19 Essentially all providers who do not work in both systems either are occasional moon-
lighters or represent errors in recording the correct provider. For example, the number of
visits corresponding to the median resident is 1,525, while this number is 17 for residents
who are observed to work in only one system.

20 General preferences may be voluntarily stated in terms of rough time categories, but
physicians are expected to be open for shifts at all times of the day and days of the week.
Shift trades are also exceedingly rare, about less than one per month, or <1 percent of the
number of shifts. Results are robust to dropping traded shifts. Per ED administration, shifts
are not assigned with peers in mind.

21 Physicians may rarely (<1–2 percent of operating times) put the ED on “divert” for up
to an hour when the flow of patients is unusually high and the entire ED lacks capacity to
see more patients. Even when this happens, this affects only some ambulances (which as a
whole constitute 15 percent of visits) carrying serious emergencies, as opposed to the ma-
jority of patients, some of whom walk in. ED flow is largely unaffected.
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cians are exposed to similar patient types arriving at their pod and pa-
tient numbers arriving at the ED (table 1; app. B-6). This feature suggests
that I can isolate shocks in expected future work that physicians cannot
select or control.
Second, patients in the waiting room are yet to be assigned to pods.

The distribution of patients between pods can vary widely. Depending
on the time interval, the correlation between overall volume and pod-
specific volume is at most .21, reflecting discretion by the triage nurse
and stochastic discharge times creating differences in bed availability at
the pod level (app. B-5.2). This variation allows me to separate expecta-
tions of future work (patients arriving at the ED but not yet assigned to
a pod) from actual current or future work to a pod (patients who have
been or will be assigned to the pod a physician is working in).
TABLE 1
Available Patients and ED Conditions for Physicians with Below-

or Above-Median Productivity

Below-Median
Productivity

Above-Median
Productivity t-Statistic

Patient characteristic:
Age 48.7 48.7 2.047

(19.6) (19.6)
Emergency severity index 2.74 2.74 .451

(.78) (.78)
White .508 .509 2.050

(.500) (.500)
Black or African American .233 .234 2.068

(.423) (.423)
Spanish-speaking .098 .097 .212

(.297) (.296)
Female and age <35 years .187 .185 .332

(.390) (.388)
Prior ED patient volume:
Within last hour 6.06 5.97 1.076

(3.87) (3.86)
Within last 6 hours 34.90 35.15 2.512

(19.11) (18.95)
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Note.—This table reports averages and standard deviations (in parentheses) for charac-
teristics of available patients and ED patient volume that physicians with above-median and
below-median productivity are exposed to. “Available patients” are patients assigned to the
pod in the self-managed system and those assigned to the physician in the nurse-managed
system. ED patient volume is represented by the number of patients arriving at the ED within
the last hour or last 6 hours prior to an index patient’s bed arrival. Physician productivity is
estimated by fixed effects in a regression of length of stay, controlling for team member in-
teractions, pod, patient characteristics, ED arrival volume, and time categories. The average
difference in productivity between physicians of above- and below-median productivity is
0.28, meaning that physicians with above-average productivity have 28 percent shorter
lengths of stay than those with below-average productivity. t-statistics for the difference in
means are calculated assuming that each shift is an independent observation and are all sta-
tistically insignificant at the 5 percent level. More formal results on the quasi-random expo-
sure of physicians to patient types and ED conditions are shown in online app. B-6.
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IV. Overall Effect of the Self-Managed System
I estimate the overall effect of the self-managed system on a given team
of providers for a given patient, asking the following: If the same patient
and providers were in a different organizational system, what would their
outcomes be? I control for pod-specific time-invariant unobservable dif-
ferences by the fact that I observe one of the two pods (Bravo) switching
from a nurse-managed system to a self-managed one. I also control for
providers because I observe the vast majority of providers—physicians,
residents, and nurses—working in both pods over time.
I first show the effect of Bravo’s regime change on length of stay graph-

ically. Figure 2 shows month-year-pod fixed effects over time for the two
pods estimated by this equation:

Yijkpt 5 o
M

m51
o
Y

y51

amypI t∈mI t∈y 1 bXit 1 ~h
~
Tt 1 njk 1 εijkpt ð5Þ
FIG. 2.—Overall effect of a self-managed system on log length of stay. This figure shows
month-year-pod fixed effects estimated in a regression of log length of stay, as in equa-
tion (5). Alpha pod fixed effects are plotted with hollow circles; Bravo pod fixed effects
are plotted with solid circles. The vertical gray line indicates the month of the regime
change of Bravo from a nurse-managed system to a self-managed system, in March 2010.
Alpha was always self-managed. The fixed effect for Bravo in the first month is normal-
ized to zero. The regression controls for noninteracted ED arrival volume, time categories,
pod, patient demographics, patient clinical information, triage time, andphysician-resident-
nurse interactions.
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for log length of stay Yijkpt indexed for patient i, physician j, resident-nurse
k, pod p, and arrival time t. The parameters of interest are fixed effects for
each month-year-pod, amyp, where It∈m and It∈y are indicator functions for
whether t belongs to month m and year y, respectively. I control for pa-
tient characteristics Xit (described in Sec. III.B), time categories

~
Tt in-

cluding the day of the week and hour of the day, pod identities zp, and
physician-resident-nurse trio identities njk. The month-year-pod fixed ef-
fects capture average length of stay by location and time, after controlling
for patient characteristics and worker identities. Two features of the fixed
effects are apparent in figure 2. First, Bravo experienced a persistent de-
crease in length of stay after it changed to a self-managed system. Second,
the two pods had roughly parallel trends in the long period prior to Bra-
vo’s regime change.
To quantify the self-managed effect on length of stay and other out-

comes, I estimate the following equation:

Yijkpt 5 aSelfpt 1 bXit 1 hTt 1 zp 1 njk 1 εijkpt ð6Þ

for outcome Yijkpt. The variable of interest in equation (6) is Selfpt, which
indicates whether pod p had a self-managed system at time t. Time cate-
gories in the vector Tt include the month-year interaction, day of the
week, and hour of the day.
Interpreting a in equation (6) as the causal effect of the self-managed

system relies on the familiar assumption of conditionally parallel trends
between Alpha and Bravo over time, which is supported by figure 2. In
table 2, I estimate several versions of (6), including progressively more
controls for patient characteristics. The estimate for the effect of self-
managed teams on log length of stay remains stable (and slightly increases
in magnitude) from211 percent to213 percent upon adding a progres-
sively rich set of controls. This is consistent with the fact that more time-
intensive patients were sent to Bravo pod over time (app. B-1). As there
were no significant changes in peer characteristics between pods over time
(app. B-1.2), adding controls for and interactions with peer characteris-
tics does not change results (app. B-2). Adding pod-specific time trends
(i.e., adding gpt) to equation (6) yields a slightly larger effect of215 per-
cent. Note finally that, since work can be sent to either pod, an improve-
ment in throughput in one pod would likely shorten lengths of stay in
the other pod by lessening congestion. This violation of the stable unit
treatment value assumption also biases the estimated size of the causal
effect downward (Rubin 1980).
This overall effect represents a significant difference in length of stay

due to a simple organizational change, in which physicians assign work
among themselves, while the physicians themselves and financial incen-
tives were held fixed. As a comparison, this effect is equivalent to an in-
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crease of 1.2–1.7 standard deviations in the productivity distribution
across physicians.22 Given average lengths of stay, the self-managed system
effect is equivalent to a reduction in lengths of stay by 20–25 minutes per
patient, and under simple assumptions, it represents a $570,000 yearly
savings to this single ED.23 For this particular ED, the cost of implement-
ing the organizational change associated with this effect was essentially
free.
While I find a significant effect of self-managed teams on length of

stay, I find no statistically significant effect on patient-level quality out-
TABLE 2
Overall Effect of Self-Managed System on Log Length of Stay

Log Length of Stay

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

Self-managed system 2.109** 2.114*** 2.121*** 2.133*** 2.147***
(.042) (.042) (.042) (.041) (.046)

ED arrival volume, time categories,
pod dummies Yes Yes Yes Yes Yes

Patient demographics No Yes Yes Yes Yes
Patient clinical information No No Yes Yes Yes
Patient triage time No No No Yes Yes
Pod time trends No No No No Yes
Physician-resident-nurse dummies Yes Yes Yes Yes Yes
Observations 314,917 314,917 314,917 314,917 314,917
Adjusted R 2 .362 .368 .374 .390 .390
Sample mean log length of stay
(log hours) 1.097 1.097 1.097 1.097 1.097
22 While the raw distribution of phys
cent, distributions of physician effects
ations from 6.9 percent to 9.1 percen

23 For this back-of-the-envelope calc
exogenous and that the ED is able to
proved throughput, to meet the volum
number of physician hours, the $570
lion yearly spending in physician hour
$167 per physician hour). This gain
comes shared by all ED patients.
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Note.—This table reports the effect of the self-managed system on log length of stay, in
eq. (6), while controlling for various observables. Column 5 is estimated with eq. (6), aug-
mented with an additional term for pod time trends (i.e., gpt). All columns control for ED
patient arrival volume, time categories (month-year, day of the week, and hour of the day
dummies), pod, and team member interactions. Various models may control for patient
demographics, patient clinical information, and the time spent in triage, which reflects
the triage nurse’s subjective belief about patient severity. All models are also clustered
by physician. In app. B-4, I detail two alternative methods of inference, one assuming seri-
ally correlated pod-level error terms and another relying on systematic placebo tests. These
yield p -values of .001 and .008, respectively.
* Significant at 10 percent.
** Significant at 5 percent.
*** Significant at 1 percent.
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comes (30-day mortality, hospital admissions, 14-day return visits) or fi-
nancial/utilization outcomes (RVUs, total direct costs) at the 5 percent
level, shown in table 3.24 Alternativemechanisms of free riding and advan-
tageous selection could affect the quality of care and utilization, because
they mean that specific patients either are being made to wait for care or
are seen by physicians who are better suited (or more available) to see
them. In contrast, under pure foot-dragging, only the discharge of pa-
tients is delayed in order to prevent more work. Foot-dragging should
not result in different quality or utilization between the self-managed and
nurse-managed systems, because any impact through waiting times would
be shared by all patients in the ED. Thus, the lack of significant effect on
quality, revenue, and utilization between the two systems is more support-
ive of foot-dragging than other mechanisms such as better matching.
Any statement on quality, however, is limited by the lack of predictive

power for mortality and return visits. While I can rule out a 0.7 percent
increase inmortality, this is relatively large compared to the baseline 2.0 per-
cent mortality. Nevertheless, estimates for admissions, RVUs, and costs are
quite precisely estimated. For example, given the current dollar conver-
sion of about $34 per RVU, the average ED patient represents about
$92 in revenue, while the effect of self-management on revenue is only
2$0.44 (95 percent confidence interval2$2.32 to $1.43). With no change
in revenue or costs per patient, delaying the discharge of patients thus un-
ambiguously decreases productivity from a financial perspective.
Table 3 also reports the effect on the time to the first physician order,

which is an upper bound for the time to being chosen by a physician. Sig-
nificant free riding would imply a positive coefficient for the self-managed
system with respect to this proxy. However, the effect of the self-managed
system on this measure is not significantly different from zero and slightly
negative.
An issue that arises in difference-in-differences estimation is the con-

struction of appropriate standard errors for inference (Bertrand, Duflo,
andMullainathan 2004).25 My baseline specification clusters standard er-
rors by physician, suggesting an experiment sampling at the level of phy-
sicians, who are given shifts mapping to organizational systems. This
thought experiment is supported by the fact that the samephysicians work
in both pods before and after the regime change and by evidence of quasi-
24 I focus on patient-level outcomes, rather than aggregate outcomes such as total RVUs
per hour, for two reasons: (1) They readily allow adjustment for rich patient characteristics,
which are important in this setting; and (2) they condition on patient arrival and assign-
ment, which fluctuate nontrivially and especially as Bravo’s equilibrium assignment of pa-
tients is still being established after its regime change, as shown in Sec. VII.

25 This issue is largely relevant only for the overall effect. Specific mechanisms use addi-
tional variation. In particular, foot-dragging relies on exogenous variation in expected fu-
ture work.
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random exposure to patients and peers, conditional on rough time cate-
gories (app. B-6).
Still, to address the additional statistical issue of unobserved and po-

tentially correlated pod-level shocks over time, I consider two alternative
approaches that exploit the long time-series dimension shown in figure 2.
First, I parametricallymodel sampling variationby assuming amonth-year-
pod shock correlated by a first-order autoregressive process acrossmonths
within a pod. Second, I comparemy observed effect (in Bravo after March
2010) with placebo regime changes in both pods over many months. In
the spirit of systematic placebo tests (Abadie, Diamond, and Hainmueller
2010) and randomization inference (Rosenbaum 2002), this latter ap-
proach makes no assumption on sampling variation but simply asks how
unusual the effect is relative to those obtained for the placebo regime
changes. Detailed in appendix B-4, both approaches yield a high degree
of statistical significance, with p-values of .001 and .008, respectively.
V. Main Evidence of Foot-Dragging
This section identifies the mechanism of foot-dragging with the follow-
ing intuition: The expected gains to physicians by foot-dragging depend
on expectations of future work. If no further patients arrive at the ED,
TABLE 3
Overall Effect of Self-Managed System on Other Outcomes

30-Day
Mortality

(1)

Hospital
Admissions

(2)

14-Day
ReturnVisits

(3)

Relative Value
Units (RVUs)

(4)

Log Total
Costs
(5)

Log Time to
First Order

(6)

Self-managed
system .0002 .0004 2.0127* 2.013 2.016 2.025

(.0031) (.0086) (.0067) (.028) (.030) (.024)
Observations 317,199 317,199 317,199 255,516 284,965 307,885
Adjusted R 2 .303 .463 2.025 .405 .529 .126
Sample mean
outcome .020 .272 .067 2.701 6.724 2.623
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Note.—This table reports the effect of the self-managed system on outcomes other than
length of stay, estimated by eq. (6). RVUs represent intensity of care and are directly scal-
able to dollar amounts of clinical revenue. Total costs include direct costs for the entire
visit, which may include hospital admission. Time to first order is the time between patient
arrival at the pod and the first physician order, measured in log hours. All models control
for ED patient arrival volume, time categories (hour of the day, day of the week, and
month-year dummies), pod, patient demographics (age, sex, race, and language), patient
clinical information (Elixhauser comorbidity indices, emergency severity index), triage
time, and physician-resident-nurse interactions. These controls correspond to col. 4 of ta-
ble 2, although results are robust to other controls (shown in app. table B-9.1). All models
are clustered by physician.
* Significant at 10 percent.
** Significant at 5 percent.
*** Significant at 1 percent.
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then foot-dragging is not needed to prevent new work. But if there is an
endless supply of patients waiting to be seen, then discharging a patient
directly leads to having to see another one, and the incentive to foot-
drag is extremely strong. I thus identify and quantify foot-dragging by in-
creases in lengths of stay as expected future work increases.
I first show graphical evidence of increasing length of stay with expected

future work. Figure 3 plots coefficients fa2
0;…;a10

0 ;a1
1;…;a10

1 g for each
decile d of expected future work, EDWorkt, interacted with organizational
system in the equation

Yijkpt 5 o
10

d52

ad
0ð12 SelfptÞDdðEDWorktÞ

1 o
10

d51

ad
1SelfptDdðEDWorktÞ1 bXit 1 hTt

1zp 1 njk 1 εijkpt

ð7Þ

for log length of stay Yijkpt for patient i, physician j, resident-nurse k, pod
p, and time t. The variable Dd(EDWorkt) equals one if expected future
work in the ED at time t, EDWorkt, is in the dth decile. As before, Selfpt
indicates whether pod p at time t was self-managed, and I control for pa-
tient characteristics Xit, time categories Tt (month-year interaction, day
of the week, hour of the day), pod fixed effects zp, and provider-trio fixed
effects njk. The coefficients fa2

0;…;a10
0 ;a1

1;…;a10
1 g can be interpreted as

the relative expected length of stay for patients in different organizational
systems and under different states of expected future work, where the ex-
pected length of stay for patients in the nurse-managed system and under
the first decile of expected future work is normalized to zero.
I measure expected future work, EDWorkt, in two ways. First, I consider

ED arrival volume, or the number of patients arriving at triage in the
hour prior to patient i’s arrival at the pod. The arrival of these patients is
not controlled by physicians. They are seen by physicians via the computer
interface, but their ultimate destination is not yet known. Second, I con-
sider the number of patients (the census) in the waiting room at the time
of patient i’s arrival at the pod. Although physicians presumably can af-
fect the waiting room census, this is a more salient measure of expected
future work since physicians can readily click on the computer interface to
see this census. By Tt, I control for unobserved patient and ED charac-
teristics correlated with both time categories and expected future work.
As shown in figure 3, lengths of stay progressively increase in the nurse-
managed system as expected future work increases, using both measures,
consistent with the intuition that the incentive to foot-drag continues to
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grow as expected future work increases.26 The self-managed system does
not show increases in length of stay with patient volume and has roughly
the same length of stay as the nurse-managed team at lowpatient volumes.
For themagnitude of foot-dragging, I estimate equations of the follow-

ing form:

Yijkpt 5 a1EDWorkt 1 a2Selfpt � EDWorkt 1 a3Selfpt

1bXit 1 hTt 1 zp 1 njk 1 εijkpt :
ð8Þ

The coefficients of interest in (8) are a1, a2, and a3. A positive a1 indi-
cates that physicians increase lengths of stay as expected future work in-
creases (i.e., they foot-drag) in the nurse-managed system, while a nega-
tive a2 indicates that the self-managed system mitigates foot-dragging.
Coefficient a3 represents the effect of the self-managed system after con-
trolling for foot-dragging.
Table 4 reports estimates for (8) using both measures of expected fu-

ture work: ED arrival volume and waiting room census. With each addi-
tional patient arriving hourly at triage or waiting in triage, lengths of stay
increase by 0.6 percent in the nurse-managed system. The estimate of
foot-dragging in thenurse-managed system is equivalent to a lengthof stay
elasticity of 0.10 with respect to expected future work.27 The coefficient for
the interaction between expected future work and the self-managed sys-
tem suggests that this effect is entirely mitigated in the self-managed sys-
tem. That is, an additional patient in either measure of expected future
work does not affect lengths of stay in the self-managed system. After con-
trolling for foot-dragging, the coefficient representing the effect of the
self-managed system is statistically insignificant in all specifications and
ranges from 21.3 percent to 3.6 percent. This suggests that, in the limit
with no expected future work, the two systems produce roughly similar
lengths of stay. Results are robust to including controls for future or cur-
rent pod-level work in (8). This suggests that physicians are responding dif-
ferently because of expectations of future work rather than handling work
assigned to their pod differently (e.g., free riding or advantageous selec-
tion) between the two organizational systems.
My measures of expected future work are likely to be noisy represen-

tations of physicians’ true expectations of future work. Therefore, this
26 Section II predicts strictly increasing foot-dragging with expected future work because
physicians always have availability to receive a new patient. This is consistent with practice,
given the large number of locations in which to place patients, including hallway spaces,
and the need to keep beds open for especially emergent visits. Bed locations are detailed
in app. B-8 and tables B-8.1–B-8.4.

27 I estimate this by using log measures of expected future work as EDWorkt. My preferred
specification, shown in table 4, does not take logs of expected futureworkbecause it is roughly
normally distributed. However, results are qualitatively the same in this specification.
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estimate of foot-dragging is biased downward to the extent that I do not
capture true expectations of future work. In addition, I interpret any in-
crease in length of stay with expected future work as foot-dragging. But it
may be reasonable to think that physicians in the absence of moral haz-
ard should actually work faster, for example, if they care about patients
waiting too long in the waiting room. This is another sense in whichmy in-
terpretation is a conservative benchmark: It assumes that, under no foot-
dragging, there is either no attention to future work or no reason to work
faster when future work increases. Since length of stay does not increase
with expected future work in the self-managed system, foot-dragging rela-
tive to zero and foot-dragging relative to self-managed teams are roughly
the same in magnitude.
TABLE 4
Foot-Dragging as Expected Future Work Increases

Log Length of Stay

Measure of Expected
Future Work Is ED
Arrival Volume

Measure of Expected
Future Work Is
Waiting Census

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

Expected future work .0064*** .0055*** .0060*** .0063***
(.001) (.0009) (.0014) (.0013)

Expected future work �
self-managed system 2.0059*** 2.0059*** 2.0060*** 2.0060***

(.0015) (.0014) (.0015) (.0015)
Self-managed system .0356 .0290 2.0051 2.0131

(.0436) (.0444) (.0387) (.0396)
Pod-specific volume control No Yes No Yes
Observations 286,275 286,275 286,275 286,275
Adjusted R 2 .439 .440 .439 .440
Sample mean log length of stay
(log hours) 1.182 1.182 1.182 .182

Sample mean patient volume
measure 15.57 15.57 8.78 8.78
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Note.—This table shows the effect of expected future work on log length of stay, estimated
by eq. (8). Expected future work is measured either as the number of patients arriving at ED
triage during the hour prior to the index patient’s arrival at the pod (ED arrival volume) or
as the number of patients in the waiting room during that time (waiting census). Models 1
and 3 do not control for pod-level prior patient volume, defined as the number of patients
arriving in the pod of the index patient 1, 3, and 6 hours prior to the index patient’s arrival,
while models 2 and 4 do. All models control for time categories (month-year, day of the
week, and hour of the day dummies), pod, patient demographics (age, sex, race, and lan-
guage), patient clinical information (Elixhauser comorbidity indices, emergency severity in-
dex), patient triage time, and physician-resident-nurse interactions. Controls are equivalent
to controls in col. 3 of table 2, although results are robust to including other sets of controls
in table 2. All models are clustered by physician.
* Significant at 10 percent.
** Significant at 5 percent.
*** Significant at 1 percent.
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I also estimate the baseline equation for foot-dragging, equation (8),
for other outcomes and process measures: 30-day mortality, admissions,
14-day return visits, RVUs, total direct costs, and a host of detailed pro-
cess measures including laboratory, medication, and radiology orders.
As shown in appendix table B-9.2, I find no differential effect of expected
future work between the two systems on any of these outcomes or process
measures. Some outcomes do reflect a slight effect of ED arrival volume
through hospital congestion for both systems, such as decreases in hospi-
tal admissions and total costs, including costs incurred in admissions.
Foot-dragging effects on processmeasures are tightly estimated and show
that the care provided while foot-dragging is not substantively different
between the two systems. This is also consistent with pure foot-dragging,
which delays the time of patient discharge but does not increase the qual-
ity or content of medical care.
VI. Peer Effects on Foot-Dragging
A key requirement for teamwork to reduce moral hazard is that workers
may engage in mutual monitoring and therefore have better informa-
tion about each other’s workload than a manager might have. In this sec-
tion, I show evidence that physicians working together observe better in-
formation about each other’s workloads. While physicians usually work
in pods with a peer, during certain times on a shift, physicians find them-
selves working without a peer. This allows me to explore peer effects on
foot-dragging as a joint test of more information between peers and so-
cial incentives.28

In the nurse-managed system, only the joint existence of social incen-
tives and more information between peers can explain the dependence
of foot-dragging on the location of coworkers.29 In addition, two sim-
ilar analyses can serve as falsification tests for the identification of foot-
dragging by increases in length of stay with expected future work. First,
when a physician in a self-managed pod is without a peer, he is effectively
in a nurse-managed system: Every patient who arrives is in fact assigned to
him by the triage nurse. The physician should then exhibit foot-dragging
behavior as if working in the nurse-managed system (and without a peer).
28 Peer effects on foot-dragging are the effect of a peer interacted with expected future
work; it isolates the effect of peers on foot-dragging moral hazard. In contrast, generic peer
effects are simply the direct effect of a peer and could act through a variety of mechanisms,
such as productivity spillovers. I discuss more generic peer effects in app. B-7.1, where I
show results similar to those of Mas and Moretti (2009) (i.e., productive peers increase
the productivity of physicians).

29 As described in Sec. VII.B and app. B-8, physicians in the nurse-managed system are re-
sponsible for a fixed number of beds, regardless of peer presence. Even in the self-managed
system, where beds are not owned, average censuses for physicians are similar during times
when physicians are alone in a pod vs. with a peer.
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Second, when there is only one physician in the entire ED, that physician
is responsible for all patients who arrive at the ED. With no coworker to
foot-drag against, physicians have no incentive for foot-dragging.30

In table 5, I present results for regressions of the form

Yijkpt 5 a1EDWorkt 1 a2NoPeerjt � EDWorkt 1 a3NoPeerj t

1 bXit 1 hTt 1 zp 1 njk 1 εijkpt
ð9Þ

for nurse-managed-team and self-managed-team samples separately. The
variable EDWorkt is ED arrival volume, or the number of patients arriv-
ing at ED triage in the hour prior to the index patient’s arrival at the
pod, and NoPeerjt is a dummy for whether physician j has no peer in
the same pod. I estimate equation (9) only when there are at least two
physicians in the ED, so that foot-dragging always entails a negative ex-
ternality against a current coworker. I control for time categories, Tt,
and thus unobserved patient types and ED conditions during times of
the day when physicians are likely to be alone.
I also perform the pooled regression

Yijkpt ¼ o
4

s51

1ðPeerStatej t 5 sÞðasEDWorkt 1 dsÞ

1 bXit 1 hTt 1 zp 1 njk 1 εijkpt ;

ð10Þ

which estimates the degree of foot-dragging, with coefficient as for each
of four peer states s ∈ {1, . . . , 4}: alone in a pod but not alone in the ED,
with a peer in the nurse-managed system, with a peer in the self-managed
system, and alone in the ED.
Results in table 5 are consistent with previously estimated coefficients

for the increase in length of stay with expected future work, shown in ta-
ble 4, in both systems when a peer is present. When a peer is not present,
however, length of stay increases much more quickly with expected fu-
ture work. Estimates in columns 1 and 2 suggest that, without a peer
present, the response to expected future work quintuples in the nurse-
managed pod and increases in the self-managed pod (but effective nurse-
managed system) to almost triple the magnitude as in the nurse-managed
system with a peer. Results from the pooled regression in equation (10),
shown in column 3 of table 5, confirm this and show that physicians do
30 Physicians can still foot-drag against future physicians, but this theoretically is no dif-
ferent at any other time. I cannot control for actual future work in this scenario, because all
work that comes to the ED eventually goes to the same pod and physician. However, this
would bias measured foot-dragging upward only if the omitted volume of actual work is
positively correlated with expected future work and increases length of stay.
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not increase lengths of stay with expected future work when they are alone
in the ED.31

These results suggest that physicians reduce foot-dragging when a
peer is present, consistent with peers observing true workload better
than physicians in a different location and with social incentives.32 Addi-
TABLE 5
Effect of Peer Presence on Foot-dragging

Log Length of Stay

Nurse-Managed
Sample
(1)

Self-Managed
Sample
(2)

Pooled
Sample
(3)

ED volume .0059*** .0003
(.0012) (.0019)

� no peer present .0253*** .0159** .0178***
(.0043) (.0063) (.0031)

� peer present, nurse-managed .0089***
(.0012)

� peer present, self-managed 2.0022
(.0020)

� only physician in ED 2.0018
(.0027)

Observations 130,029 165,109 295,060
Adjusted R 2 .442 .353 .365
Sample mean log length of stay
(log hours) .926 1.168 1.061

Sample mean ED volume 17.118 14.256 15.520
31 These results are robust to conside
physician present, shown in table B-9.
peer present is smaller.

32 In app. B-7.2, I show that peer eff
tionship with the peer present. In partic
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Note.—This table reports the effect of expected future work, interacted with peer pres-
ence, on log length of stay. Expected future work is measured by ED arrival volume (ED
volume for short), defined as the number of patients arriving at ED triage during the hour
prior to the index patient’s arrival at the pod. Equation (9) estimates models 1 and 2. Model 1
is estimated with observations of patients seen by nurse-managed teams; model 2 is estimated
with self-managed teams. Both of these models use observations with at least one other phy-
sician in the ED, so that foot-dragging entails a negative externality against a current coworker,
whomay ormay not be a peer. Model 3 is estimated by eq. (10) and includes the full sample.
Main effects are included but omitted from the table for brevity. In all columns, the phrase
“no peer present” means no other physician in the same pod but another physician in ED,
while “only physician in ED” means no other physician in the entire ED. As in table 4, all
models control for time categories, pod (when applicable), patient demographics, patient
clinical information, triage time, and physician-resident-nurse interactions. All models are
clustered by physician.
* Significant at 10 percent.
** Significant at 5 percent.
*** Significant at 1 percent.
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tionally, the two falsification tests, in columns 2 and 3 of table 5, support
the interpretation of increases in length of stay with expected future work
as foot-draggingmoral hazard. First, physicians working without a peer in
an officially self-managed pod (but effectively nurse-managed system) en-
gage in foot-dragging to triple the extent of those working with a peer in a
nurse-managed pod. Second, when a single physician is responsible for
all patients entering the ED, I find no evidence of foot-dragging.
VII. Patient Assignment and Equilibrium Building
I have shown that the self-managed system improves throughput produc-
tivity by reducing foot-dragging and that physician peers in the same pod
observe more information about each other’s true workloads. In this sec-
tion, I examine a prediction related to the use of this information by phy-
sicians in the self-managed system to assign patients. In the model in Sec-
tion II, following Milgrom and Roberts (1988), if physicians use more
information about true relative workloads to choose patients in the self-
managed system, not only should foot-dragging decrease, but the ex post
assignment efficiency should also increase (p*

S > p*
N ). That is, the use of

better information between workers allows signals to be less subject to
distortion and ultimately more valuable for making decisions. I test this
prediction by measuring whether new patient assignment incorporates
information in existing censuses, as signals of workload, more often in
the self-managed system than in the nurse-managed system.
In addition to patient assignment in a steady state, a related but dis-

tinct issue is how physicians built the new equilibrium after Bravo pod
switched from a nurse-managed to a self-managed system. As discussed
in Gibbons and Henderson (2012), equilibria may not be immediate
or obvious, and they instead might need to be “built.”33 In appendix fig-
ure B-9.1, I show that foot-dragging does not immediately disappear af-
ter the switch in Bravo but rather takes a few months to disappear. Exam-
ining behavior off equilibrium provides a unique opportunity to study
themechanisms that enforce equilibria, distinguishing self-management
(via patient assignment) from social incentives, for example.34 Therefore,
33 Gibbons and Henderson (2012) categorize reasons for this under needs to establish
“credibility” and “clarity,” and they review theoretical, experimental, and case study literature
on this (e.g., Fudenberg and Levine 1993; Greif 1993; Weber and Camerer 2003). I discuss
this issue—of why the equilibrium in Bravo after its regime change is not immediate—more
specifically later in this section.

34 Off equilibrium, under self-management, patients should be assigned with greater
probability to physicians who foot-drag, regardless of whether physicians can commit to an
assignment policy and of the amount of information they observe. Under social incentives,
foot-dragging physicians would incur a social cost but would otherwise not be assignedmore
patients. For more discussion of how patients are assigned in the self-managed system, see
Sec. II.C and app. A-3.

This content downloaded from 171.064.154.031 on May 11, 2016 16:00:12 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).

http://www.journals.uchicago.edu/action/showLinks?crossref=10.1162%2Fqjec.2007.122.4.1759
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1162%2Fqjec.2007.122.4.1759


000 journal of political economy

All
another question relates to how assignment patterns evolve and whether
potentially foot-dragging physicians are more likely to get new patients
during this transition period.
A. Censuses and Assignment
Next, to examine the use of information between organizational systems,
I study the relationship between censuses and patient assignment. For
my baseline specification, I estimate the linear probability model

Yijt 5 aCensusj t 1 bShiftTimej t 1 gI jt ∉ SelfZoneLabeljt

1 hj 1 nit 1 εijt ;
ð11Þ

where the outcome Yijt is an indicator variable that takes the value of one
if patient i, arriving at the pod at time t, is assigned to physician j; Censusjt
denotes the number of patients under the care of physician j at time t
and is the variable of interest; ShiftTimejt is a vector of hourly time dum-
mies of the duration between time t and the end of physician j ’s shift,
since physicians are less likely to be assigned new patients as they near
the end of their shift, regardless of their censuses. For nurse-managed
observations in Bravo (when I jt∉Self 5 1), I also control for the zone
(i.e., Bravo 1 or Bravo 2).35 The variable hj controls for physician identi-
ties and allows for some physicians to be more likely to take new patients
regardless of census or observed behavior by their peers. Controlling
for patient i at visit t, nit ensures that two physicians could have been as-
signed the patient. It implies that this linear probability model is equiv-
alent to estimating a differenced model in which the regressor of inter-
est is Censusjt2 Census2jt, the difference in censuses between a physician
and his peer, with a coefficient algebraically equal to a. The coefficient a
represents the incremental likelihood, averaged over different shift times,
with which a physician is to receive a new patient for each additional pa-
tient on his census relative to his peer’s census.
Figure 4 shows a plot of coefficients a in (11) over time and in both

pods. I estimate a over each month with a local linear regression, using
triangular kernels with 90 days on each side of the first of the month,
truncated if sufficiently close to March 1, 2010. Prior to the Bravo regime
change, figure 4 shows relatively stable assignment in both pods. In both
systems, physicians with lower censuses are more likely to be assigned pa-
tients, but this likelihood is consistently greater in the self-managed sys-
tem (Alpha) than in the nurse-managed system (Bravo). Immediately af-
35 Bravo 1 effectively has fewer beds than Bravo 2. In app. B-8, I discuss zone character-
istics in greater detail.
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ter the regime change in March 2010, assignment in Bravo shows a jump
in which physicians with higher censuses are actually more likely to re-
ceive new patients.36 After 3 months, the spike reverses, and patients are
again more likely to be assigned to physicians with lower censuses, even
more so than prior to the regime change. Finally, Bravo’s correlation be-
tween assignment and censuses after the spike settles to the same level as
Alpha’s.
These results show that, in equilibrium, the self-managed system im-

proves the ex post assignment efficiency according to public signals of
FIG. 4.—Effect of an additional census patient on the new patient assignment probabil-
ity. The figure shows the new patient assignment probability, as a function of relative cen-
suses for physicians within each pod. The plotted coefficient estimates from equation (11)
represent the average effect on assignment probability of each additional patient on a phy-
sician’s census relative to his peer’s census. Hollow circles show coefficient estimates for
Alpha pod, which was always self-managed. Solid circles show the coefficient estimates
for Bravo pod, which switched to a self-managed system in March 2010, shown with a ver-
tical gray line. Coefficients are estimated in a local linear regression using a triangular ker-
nel with 90 days on each side; estimates for February and March 2010 in Bravo pod are es-
timated by a kernel with 45 days, which may be truncated if sufficiently close to March 1,
2010, on either side. For simplicity, 95 percent confidence intervals are not shown; see ap-
pendix figure B-9.2 for plots with confidence intervals. Appendix figures B-9.3 and B-9.4
show alternative specifications.
36 For robustness and given results in Sec. VII.B, I also modify eq. (11) to allow for resid-
ual zone norms after the Bravo regime change. Results are shown in fig. B-9.3. The positive
spike is diminished but is still significant at the 5 percent level. Results are also largely un-
changed using a kernel regression, as shown in fig. B-9.4.
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workload. By measuring assignment in both pods over time, I also show
that assignment is not specific to pods, but rather to the organizational
systems. This is consistent with the theory in Section II: As the threat of
foot-dragging is reduced in the self-managed system by the use of more
information between peers, new patients can be more readily assigned
to physicians with lower censuses. These results of the self-managed sys-
tem are not consistent with an alternative mechanism that reduces foot-
dragging but by ignoring all signals of workload (e.g., random patient as-
signment).
Given that the self-managed equilibrium is not immediately established

and that residual foot-dragging remains after March 2010, a natural ques-
tion is how full cooperation is eventually established. Again, some insight
can be gained from the experimental literature. Enforcement in public
goods games has been studied in seminal research by Ostrom, Walker,
and Gardner (1992) and Fehr and Gachter (2000). They have found that
full cooperation is possible only when players are allowed, by the game’s
structure, to enforce it by punishment. Unlike laboratory experiments,
this study cannot definitively show punishment. I do, however, see that,
during the transitional period of residual foot-dragging in Bravo, physi-
cians with higher censuses were more likely to be assigned new patients,
reflected in the spike in figure 4. This is consistent with foot-dragging phy-
sicians being made to take new patients in a newly self-managed system,
possibly because their foot-dragging was observed by peers who thus de-
cided not to take new patients. Such an assignment policy is consistent
with eventually building a new equilibrium with no foot-dragging.
B. Spatial Bed Patterns over Time
I providemore direct evidence of equilibriumbuilding by examining how
spatial patterns of bed assignment evolve over time. Despite the fact that
Bravo’s organizational structure became isomorphic to Alpha’s with the
regime change, the new normmay not have been immediately “credible”
or “clear” between peers (Gibbons and Henderson 2012). Specifically,
the regime change in Bravo was not announced as a move to replicate
the environment inAlpha, but rather as a simplemerger of bed ownership
between peers with nothing else changed. Indeed, prescheduled Bravo
shifts retained labels referring to obsolete divisions in Bravo (Bravo 1 and
Bravo 2) until July 2010. Using this fact, I measure the extent to which
the spatial patterns of beds used between physicians in Bravo continue to
resemble obsolete nurse-managed zones of assignment even after Bravo’s
official switch to a self-managed system in March 2010.
Figure 5 shows the distribution of patients according to bed location.

Panel A shows the percentage of patients initially occupying a bed in
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FIG. 5.—Bed location of assigned patients. The figure shows bed locations of assigned
patients for physicians working in Alpha and Bravo. Panel A shows the percentage of pa
tients, of those under a physician with an Alpha shift, whose initial bed is recorded in Alpha
pod. Panel B shows similar percentages over time for Bravo but also considering two zones
within Bravo: Bravo 1 and Bravo 2. Prior to the regime change in March 2010, physicians
were assigned to work in either Bravo 1 or Bravo 2, and shifts were named accordingly
From March 2010, physicians in Bravo could see patients in either zone, but prescheduled
shifts remained labeled with either “Bravo 1” or “Bravo 2” until the end of June 2010. Up to
June 2010, two sets of lines are plotted in panel B for the percentage of patients in initia
Bravo 1 beds: the upper set for physicians with Bravo 1 shifts and the lower set for those with
Bravo 2 shifts. Weighted averages are plotted as solid lines, median percentages as long
dashed lines, and 25th and 75th percentiles of percentages as short-dashed lines. The
March 2010 regime change is shown as a vertical solid gray line; the ending of zone-specific
Bravo shift labels in June 2010 is shown as a vertical dashed gray line. Details of Bravo 1 and
Bravo 2 bed locations are in tables B-8.1, B-8.3, and B-8.4.
ago.edu/t-and-c).
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Alpha for physicians working in Alpha. This percentage is close to 100 per-
cent throughout the time series. Panel B shows the percentage of pa-
tients initially occupying a bed in Bravo 1. Percentages are shown for re-
spective sets of physicians working in “Bravo 1” and “Bravo 2” labeled
shifts, for as long as those labels exist until July 2010. Thereafter, percent-
ages are shown for all Bravo physicians. Prior to the Bravo regime change,
the median percentage of patients in Bravo 1 for physicians in Bravo 2
shifts is 0 percent throughout. The percentages for physicians in Bravo 1
shifts are substantially more varied, but the median percentage for physi-
cians in these shifts hovers slightly above 90 percent until January 2010,
when plans for the regime change are announced.37 In March 2010, there
is a sharp decrease in the Bravo 1 bed percentage for Bravo 1 physicians
and a sharp increase in that percentage for Bravo 2 physicians. How-
ever, the move to the new self-managed equilibrium is not immediate.
For the period during which Bravo shifts retain their obsolete Bravo 1
and Bravo 2 labels, until July 2010, physicians continue moving toward
the new equilibrium.
VIII. Conclusion
Simply by allowing physicians to choose patients, a self-managed system re-
duces ED patient lengths of stay by 11–15 percent relative to the nurse-
managed system. This effect occurs primarily by reducing a “foot-dragging”
moral hazard, in which physicians delay patient discharge to forestall new
work. Foot-dragging is sensitive to peer effects, suggesting better infor-
mation (and social incentives) between peers in the same pod. The self-
managed system appears to use this information between peers to im-
prove patient assignment and reduce foot-dragging.
While improving the efficiency of health care delivery through its orga-

nizationhasgrown inpolicy significance (InstituteofMedicine2012), team-
work characterized by mutual monitoring and management is thought to
be broadly applicable acrossmany industries (Hackman 1987). A strength
of this study is that, via a narrow intervention, it isolates a key feature
of teamwork—the joint management of work by workers who have better
information—that is likely to be important in a wide variety of settings
37 Appendix B-8 provides more details about the locations and use of beds in the ED.
Some of these details include the following: First, patients may occupy more than one
bed and may occasionally be transferred between beds in different pods. Also, because
of the physical layout of Bravo, Bravo 1 beds were less frequently used than those in Bravo
2. Finally, even in the nurse-managed system, physicians still must acknowledge patients,
which provided some latitude for physicians to deviate from patient assignment strictly ac-
cording to zones.
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and is distinct from the classic concept of teams as joint production (e.g.,
Holmstrom 1982).
This study identifies an effect that is likely lower than the potential ef-

fect of joint management in other environments. First, its intervention
to increase teamwork is remarkably limited. Second, a large amount of
information in this ED setting was already publicly available through in-
formation technology, and much of the remaining private information
in medical care likely remains hidden even to peers in the same location.
Third, patient care in the ED is highly tied to decision making by a single
generalist physician. Other environments that more heavily feature more
flexible division of labor (e.g., matching tasks to skills) could further in-
crease the returns to teamwork.
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