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Improving the performance of the healthcare sector requires an understanding of the effectiveness and efficiency of care delivered by providers. Although this topic is of great interest to policymakers, researchers,
and hospital managers, rigorous methods of measuring effectiveness and efficiency of care delivery have
proven elusive. Through Data Envelopment Analysis (DEA), we make use of evidence from care delivered
by emergency physicians, and develop scores that gauge physicians’ performance in terms of effectiveness
and efficiency. In order to validate our DEA scores, we independently use various Machine Learning (ML)
algorithms, including Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Classification and
Regression Trees (CART), Random Forest (RF), a Generalized Linear Model (GLM), and Least Absolute
Shrinkage and Selection Operator (LASSO). After validating our DEA scores via comparison with predictions made by these algorithms, we make use of them to identify the distinguishing behaviors of highly
effective and efficient physicians. We find that highly effective physicians order less tests compared to their
peers and maintain their effectiveness when working under high workloads. We also observe that highly
efficient physicians order less tests on average and become even more efficient during high-volume shifts.
Importantly, our results indicate a statistically significant positive relationship between a physician’s effectiveness and efficiency scores suggesting that, contrary to conventional wisdom, effectiveness and efficiency in
care delivery should be viewed as compliments not substitutes. In addition, we find that effectiveness is lower
among physicians who have higher job tenure or average test order count. Efficiency, however, is lower among
physicians with less experience (measured in number of years after graduation from medical school) or high
average test order count. Furthermore, our results indicate an increase in a physician’s average efficiency
and a decrease in his/her average effectiveness when faced with high workloads. Finally, we find evidence of
peer influence on a focal physician’s effectiveness and efficiency, which suggests an opportunity to improve
system performance by taking physician characteristics into account when determining the set of physicians
that should be scheduled during the same shifts.
Key words : Data Envelopment Analysis, Physician Performance Evaluation, Physician Effectiveness and
Efficiency, Peer Influence
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1.

Introduction

Motivation. Healthcare spending is projected to rise to 19.9% of the GDP by 2025 (Keehan et
al. 2017), spurring interest in finding new ways to increase both the effectiveness and efficiency of
care delivery. As most decisions regarding utilization of healthcare services are ultimately made
by frontline clinicians (Tsugawa et al. 2017), understanding and evaluating provider performance
could help identify sources of waste in the healthcare sector. Although care delivery performance
measurement initiatives have proliferated in recent years, there are few rigorous methods to evaluate
the effectiveness and efficiency of physicians. A careful method for evaluating the effectiveness
and efficiency of physicians is especially needed for understanding what the efficient and effective
physicians do differently than their peers. This understanding of best practices can, in turn, result
in training more efficient and effective physicians, and thereby, improve the performance of the
healthcare sector.
In this study, we focus on care delivery in hospital Emergency Departments (EDs). Specifically,
we collect a large dataset of care delivered by ED physicians that includes more than 115,000 patient
visits. We employ Data Envelopment Analysis (DEA)—a linear programming (LP) optimization
technique that provides a multi-dimensional evaluation tool—to develop and evaluate scores related
to physician efficiency and effectiveness. We validate our generated DEA scores by making use
of various Machine Learning (ML) algorithms, including Support Vector Machines (SVM), KNearest Neighbors (KNN), Classification and Regression Trees (CART), Random Forest (RF), a
Generalized Linear Model (GLM), and Least Absolute Shrinkage and Selection Operator (LASSO).
Our results show that there is a 76% overlap between the results derived from the best ML approach
and those obtained from our DEA models, giving us confidence about the validity of our DEA
models. Unlike the ML algorithms, however, DEA provides an important advantage in terms of
interpretability, since it offers a clear input-output view of a physician’s performance and avoids
any “black-box” operations. Thus, it can be easily communicated to (a) hospital administrators
who are interested in improving the efficiency and effectiveness of care delivery at their hospital,
and (b) physicians who are interested in boosting their own individual performance.
In order to learn about what the high-performing physicians do differently than other physicians,
and thereby generate insights into best practices, we conduct a second-stage analysis in which we use
our DEA scores along with a Tobit framework to identify factors (e.g., test order count, experience,
etc.) associated with higher levels of performance. Furthermore, we use our framework to study
how physicians influence each other’s efficiency and effectiveness. In particular, we make use of
our DEA scores and consider various peer physician characteristics, including relative effectiveness,
efficiency, gender, and type of medical degree (MD vs. DO) to examine how such characteristics
affect a focal physician’s efficiency and effectiveness.

3
Data and Setting. Our data consist of detailed care delivery information associated with 115,350
patient visits in a leading U.S. hospital. Our partner ED is equipped with an emergency medicine
team comprising 32 board-certified physicians and more than 70 registered nurses. All patients
in our partner ED are algorithmically assigned to physicians upon arrival through an automated
rotational patient assignment process (Traub et al. 2016). This workflow essentially removes all
patient selection biases or preferences of physicians in “cherry-picking” their patients.
We included all patient visits from July 12, 2012, to July 31, 2016 who were identified in the
electronic health record system as having been seen by an ED physician in our dataset. Patientspecific data include demographic (age, gender, race, etc.) and insurance information. Encounterlevel data include laboratory tests, chief complaint, Emergency Severity Index (ESI) level (a fivelevel triage scale that categorizes patients according to their acuity level), day of the ED visit, and
time of the day, among others. To avoid distortion of the results by outliers, 4 physicians with
relatively low patient volumes (fewer than 200 visits over the 4-year period) were excluded from
the analysis. Our final dataset comprises 110,325 patient-visit-level observations.
Research Questions. We address four research questions as follows. Research Question 1: Are
effectiveness and efficiency of a physician substitutes (negatively correlated) or complements (positively correlated)? Research Question 2: What is the relationship between effectiveness/efficiency
of a physician and various characteristics, including those of the physician (e.g., test order count,
experience, tenure), patients (e.g., race, gender, age, ESI), and the environment (e.g., ED volume/workload)? Research Question 3: What do highly effective and efficient physicians do differently than their peers? Research Question 4: How do physician peers influence each other’s
effectiveness and efficiency? Addressing these questions enables us to (a) shed light on factors that
affect physicians’ effectiveness and efficiency, and (b) provide actionable insights into ways that
physicians’ effectiveness and efficiency can be improved.
Main Findings. Regarding Research Question 1, our results indicate that a conventional wisdom
about the efficiency-effectiveness tradeoff in the healthcare sector might not be true. This conventional wisdom suggests that improving the efficiency of care delivery comes at the price of lowering
effectiveness. Contrary to this conventional wisdom, we find that not only there are physicians who
obtain high scores on both efficiency and effectiveness dimensions, but that overall there is a statistically significant positive association between physicians’ efficiency and effectiveness scores. This
implies that physicians who are efficient in care delivery are also more likely to provide effective
care (and vice-versa). Our results, hence, suggest that physician effectiveness and efficiency serve
as complements and not substitutes.
With respect to Research Question 2, we find that a physician’s efficiency score is negatively
associated with his/her average number of test orders per patient visit and positively correlated
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with his/her experience (measured in number of years after graduation from medical school). This
implies that efficient physicians are those who (a) order less tests, and (b) are more experienced.
In addition, we observe a statistically significant negative relationship between a physician’s effectiveness and his/her job tenure (measured in number of years the physician has worked in our
partner ED). This finding might be related to a selection bias: the ED might have imposed higher
hiring standards in recent years or simply has been able to attract physicians with higher effectiveness. However, it might also be due to a difference in motivation level of new hires versus existing
physicians. Newly hired employees typically have a higher motivation level of establishing good
performance than existing employees (Hackman and Oldham 1980, Kass et al. 2001, Bruursema
et al. 2011), and so inherently they might score higher on the effectiveness metric. Our data is
insufficient for distinguishing between these potential hiring and motivation differences (which are
both difficult to measure and hidden to us). Nevertheless, our finding that job tenure negatively
impacts physicians’ effectiveness provides an important avenue for future research to shed light on
mechanisms that might improve effectiveness of care delivery (e.g., motivational training programs,
providing performance-based incentives for physicians with long job tenure, or making use of specific hiring procedures). Furthermore, our results show that patient characteristics have little, if
any, effect on a physician’s effectiveness and efficiency. We also find that, faced with high workloads (i.e., during high-volume shifts), a physician’s efficiency improves while his/her effectiveness
declines.
Addressing Research Question 3, our findings suggest that highly effective physicians order less
tests on average compared to their peers. This indicates that, compared to other physicians, they
are able to order tests more intelligently: they eliminate unnecessary tests while still ordering the
necessary ones. Our results also indicate that during high-volume shifts highly effective physicians
are able to maintain their effectiveness level more than their peers. Similarly, our results show that
highly efficient physicians have a lower average test order count and become even more efficient
under high workloads.
Finally, addressing our last research question (Research Question 4), our findings suggest that
working alongside more effective and efficient peers is negatively associated with improving a focal
physician’s effectiveness and efficiency, respectively. This is consistent with the findings in Saghafian
et al. (2019), which studies influence of physicians on each other’s performance using a different
methodology (neither DEA nor Machine Learning), and shows that a “resource spillover” effect
caused by the existence of shared resources with limited capacities in the ED is the mechanism
driving peer influence.
Implications. Our results have various implications for both hospital administrators and physicians. In particular, our DEA methodology allows hospital administrators to utilize a transparent
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and easy-to-understand scoring system to evaluate the efficiency and effectiveness of care delivered
in their hospital. Similarly, it allows individual physicians to observe their weaknesses and realize
the advantages of following what the highly efficient and effective physicians do in their practice.
We expect well-designed training programs to be able to facilitate this learning process. In addition,
our results have implications for physician scheduling programs, where hospital administrators
need to decide upon the set of physicians who should work during the same shifts. In particular,
our analyses of our DEA scores show that effectiveness and efficiency scores of a physician decline
while working alongside more effective and efficient peers. This observation can be incorporated in
future scheduling programs and utilized as a mechanism for improving the overall performance of
physicians. Finally, as noted earlier, our results provide an important avenue for future research to
explore and implement mechanisms including designing motivational training programs, providing
performance-based incentives for physicians with long job tenure, or making use of specific hiring
procedures.

2.

Related Studies

Evaluating the performance of physicians has gained attention in research as health policymakers
look for ways to drive quality improvement and increase physicians’ accountability for achieving
quality goals. Most lines of research on this topic have focused on specific patient conditions. For
example, Glickman et al. (2008) use clinical measures such as performing a diagnostic electrocardiogram (ECG) for syncope in patients older than 60 years as a performance measurement criterion of
physicians. Hess et al. (2011) utilize physician performance measures such as completion of retinal
and foot exams and blood pressure test to assess the quality of care provided to diabetic patients.
However, the findings generated from such studies may not be generalizable to settings such as
EDs where there is heterogeneity in patient population. Other studies have evaluated behavioral
aspects of physician performance using questionnaires (Smith et al. 2004) and patient chart audits
(Goulet et al. 2002). Qualitative metrics, however, are difficult to measure and may cause bias in
performance evaluation.
Various performance-specific measures have been used to assess the performance of ED physicians. A review of the literature highlights ED time intervals such as time between patient arrival
to initial clinical assessment, Length of Stay (LOS), as well as patients left without being seen, readmission within 72 hours and mortality/morbidity as most frequently used performance measures
(see Fernandes et al. 1997, Spaite et al. 2002). Using pure performance measures in evaluating
ED physicians, however, does not account for the amount of resources utilized by physicians. In a
setting such as an ED, where resources are shared and constrained, resource utilization plays an
important role in assessing physician effectiveness and efficiency. Hence, using a methodology such
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as DEA, which incorporates resource utilization into performance evaluation, lends itself well to
evaluating physician performance in EDs.
DEA has been applied in a variety of healthcare settings including hospitals (Sherman 1984,
Grosskopf and Valdmanis 1987), veterans administration medical centers (Harrison and Ogniewski
2005), and organ procurement organizations (Ozcan et al. 1999) to evaluate the relative performance of healthcare institutions. While performance evaluation of hospitals has been explored
in prior literature (Zheng et al. 2018, Castelli et al. 2015, Varabyova and Schreyogg 2013,
Hollingsworth 2008), the performance of physicians has proven to be more difficult to assess because
of diversity in patient mix and treatments, and differences among specialties, among others (Storfa
and Wilson 2015). Hence, macro parameters and proxies such as billing and reimbursement are
often used to capture physician performance (Johannessen et al. 2017). For example, Wagner et al.
(2003) propose DEA models focused on cost containment by using admission and patient visit payments as input variables. Collier et al. (2006) use the total billable charges attributed to physicians
as one of the outputs of their proposed model. The authors, however, assume uniform resource
utilization among physicians. Other studies use costs of treating specific patient conditions such
as sinusitis (Ozcan et al. 2000) and asthma (Ozcan et al. 1998) in their suggested DEA models.
Our study contributes to this literature by proposing two separate DEA models for evaluating
physician efficiency and effectiveness. Our choice of the models’ input and output variables reduces
the risk of overfitting to our study setting and increases generalizability of the models to any ED
setting. Specifically, we do not use parameters specific to patient health conditions or physician
practice style in our models. Rather, we investigate the effects of physician-specific factors on
physician performance in a second-stage analysis, where we identify characteristics of effective and
efficient physicians.
Our work is also related to studies on speed-quality tradeoffs. Anand et al. (2011) use a queueing
framework to examine the speed-quality tradeoff in a customer-intensive service setting and study
how service providers make the optimal speed-quality tradeoff. Saghafian et al. (2018) study the
speed-quality tradeoffs in a telemedical physician triage system in the context of an ED setting.
Several other studies have examined the interactions between speed and quality of service in different settings assuming an exogenous customer demand including Hasija et al. (2009) (call centers)
and Wang et al. (2010) (medical diagnostic services). Our work contributes to this stream of literature by examining the relationship between physician effectiveness and efficiency using metrics
derived from the DEA methodology.

3.

DEA Models

DEA, first introduced by Charnes et al. (1978), is a methodology useful in evaluating the relative
performance of a set of decision making units (DMUs) in a multiple input, multiple output setting.
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A DMU can be viewed as an entity responsible for converting a number of inputs into a set
of outputs and whose performance is to be evaluated relative to its peers (Cooper et al. 2007).
Contrary to a central tendency approach, which evaluates units relative to an average performer,
DEA computes a DMU’s relative performance by using the best-performing units as the basis for
comparison. One of the key advantages of DEA over other regression-based statistical methods is
that it does not require specification of any functional relationship (e.g., a specific linear or nonlinear model) between inputs and outputs. As a result, DEA can uncover information that remains
hidden from other parametric methodologies, and hence, might capture a more complete picture of
a DMU’s performance relative to the resources it uses. As a data-driven approach, however, DEA
is vulnerable to data errors and outliers.
The conventional input-oriented DEA methodology evaluates each DMU j in the population
based upon a set of inputs {xij }Ii=1 and outputs {yrj }R
r=1 by assuming a proportional reduction in all
inputs while maintaining a fixed level of outputs. In an output-oriented setting, this methodology
provides for a proportional expansion in outputs rather than a reduction in inputs while keeping
inputs constant. For the goals of this study, we make use of both the input- and output-oriented
mechanisms.
The original DEA model is based on a Constant Returns to Scale (CRS) methodology. The
input-oriented CRS model takes the following form:
max
s.t.

P
ur yrjo
θ = Pr
νx
P i i ijo
u
y
Pr r rj ≤ 1
i νi xij
ur , νi ≥ 0,

(1)
j = 1, ..., n,
r = 1, ..., R;

i = 1, ..., I,

where yrjo and xijo represent the output(s) and input(s) of DMU jo , respectively, and {ur }R
r=1 and
{νi }Ii=1 are decision variables and represent the set of most favorable weights for the DMU under

evaluation in the sense of maximizing the ratio scale. The constraints ensure that, when this set of
weights is applied to each DMU in the population, no unit’s efficiency exceeds 1. The maximum
value obtained for DMU jo is that unit’s DEA score, and a value of 1 signifies a frontier-efficient
unit. Contrary to composite scoring methods which apply a single set of weights to each unit in
the population, DEA assigns a different set of weights to each DMU under evaluation. Hence, it
avoids the subjective nature of weight assignment in multi-objective problems.
In order to evaluate the performance of physicians, we develop two DEA models: (1) an effectiveness DEA model (see Section 3.1), and (2) an efficiency DEA model (see Section 3.2). To improve
the power of our statistical analyses and ensure enough variation across the models’ input/output
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parameters, we conduct our analyses at the physician-year level. Specifically, we design our DMUs
so that they each capture a physician’s performance in a particular year. To this end, we construct
a panel dataset with 106 physician-year observations. Our DEA models, therefore, evaluate the
effectiveness and efficiency of individual physician i who uses hospital resources to deliver care in
a given year t relative to his/her peers. To ensure that our findings are not sensitive to this choice,
we also conduct our analyses at a physician-quarter level. Results presented in Online Appendix A
show that our inferences remain unchanged. Furthermore, since there is no reason to believe that
an increase in inputs results in a proportional change in outputs (and vice-versa) in our effectiveness and efficiency DEA models, we have used the Banker- Charnes-Cooper (BCC) model (Banker
et al. 1984) which extends the CRS model to allow for variable returns to scale. We tested this
assumption by making use of Simar and Wilson’s (Simar and Wilson 2002, Simar and Wilson 2011)
returns-to-scale tests for both the effectiveness and efficiency DEA models.
The choice of the input and output variables in each model is based on the view of the physician
as a “production entity” which utilizes hospital resources (inputs) to generate efficient and effective
care (outputs). It is important to note that in DEA there is no objective definition of the right
variables to use as inputs and outputs. We have chosen to define the models’ input and output
variables in terms of parameters (a) that best reflect a physician’s performance, (b) for which there
is at least face validity and some level of agreement among physicians, and (c) that are discussed
in the literature of Emergency Medicine and ED operations as common measures. For example,
to define our output variables, we note that efficiency in the ED can be measured in multiple
ways. We primarily focus on a physician’s average contact-to-disposition time (the time from when
the physician initiates the first contact with the patient until a disposition order is issued for the
patient), because all else equal a lower contact-to-disposition time means that a higher number
of patients can be moved through the ED per unit of time (i.e., a higher ED throughput). Given
that ED crowding has reached epidemic proportions in the last several years, improving physicians’
contact-to-disposition time has become even more important (Salway et al. 2017).
Similarly, we consider the percentage of discharged patients (i.e., those not admitted to the
hospital after their ED visit) who do not return to the ED within 72 hours as our primary output
variable for our effectiveness DEA model. Returns to the ED within 72 hours of discharge may
result from a sub-optimal (i.e., ineffective) first visit, in which not all medical issues were sufficiently
identified or addressed. The 72-hour rate of return has also been proposed as a measure of quality
in the Emergency Medicine literature (see, e.g., Abualenain et al. 2013, Pham et al. 2011, Klasco
et al. 2015) although using it for measuring quality (which is different than effectiveness) of care is
controversial. Nevertheless, to check the robustness of our results, we have repeated our analyses
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with different combinations of input/output variables for both our effectiveness and efficiency DEA
models, and have observed that our main results hold. (see Section 7 for our robustness checks).
Furthermore, as noted earlier, we validate our DEA results through comparison with results
obtained using various ML algorithms (see Section 4) that do not necessarily rely on the same
set of variables as those used in our DEA models. In particular, unlike our DEA models, these
ML algorithms are given the entire dataset and are able to either use it as a whole or select the
important variables using some predetermined regularization techniques. The fact that we observe
similar results between our DEA models and these ML algorithms gives us further confidence about
the validity of our DEA models.
Finally, we note that due to the nature of the automated rotational patient assignment algorithm
implemented in our partner hospital, which randomly assigns arriving patients to physicians, riskadjustments of outcome measures are likely not essential. Nevertheless, in our statistical analyses
aimed at generating insights into best practices (i.e., learning about what effective and efficient
physicians do differently than their peers), we control for various patient characteristics that might
affect physician performance (see Section 5).
3.1.

Effectiveness DEA Model

Our main effectiveness DEA model uses the following set of variables as inputs and outputs. As
noted earlier, in our robustness checks, we test the validity of our main DEA models by repeating
our analyses with different combinations of input/output variables. We also validate them using
ML algorithms that do not necessarily rely on the same set of variables.
Output:
• Rate of discharged patients who do not return within 72 hours: Since a high 72-hour return

rate is an undesirable indicator of care delivery effectiveness in the ED (see, e.g., Abualenain et
al. 2013, Pham et al. 2011, Klasco et al. 2015), we use the proportion of patients discharged by a
physician who did not return to the ED within 72 hours of their original discharge as the model’s
output variable.
Input:
• Average patient Length of Stay (LOS): This variable captures patients’ time in the ED from

registration to discharge.
For the effectiveness model, we have chosen the output-oriented DEA approach based on which
the conceptual goal is to maximize outputs for a given level of inputs. Specifically, we compare
physicians’ percentage of patients who are discharged home after their ED visit and do not return
within 72 hours (output) for a given level of LOS (input), where LOS can be viewed as a surrogate
measure for using hospital resources (e.g., using diagnostic test services, ED beds, etc.). Intuitively,
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physicians who score higher on the effectiveness metric are those with a lower 72-hour rate of return
for a fixed level of overall use of ED resources measured by the surrogate variable, LOS. From a
patient perspective, this roughly means that the service is considered to be more effective if the
chance of returning to the ED (e.g., due to an unresolved issue) is minimized per hour spent in the
ED.1 Both the LOS and 72-hour rate of return metrics have been used in the literature as valid
measures (see, e.g., Chilingerian 1995, Fiallos et al. 2017). We refer to the θ scores (see Eq. (1))
generated by the DEA model with the above input-output parameters as physicians’ effectiveness
scores. Similarly, we refer to the θ scores generated by the DEA model with the input-output
parameters described in the next section as physicians’ efficiency scores.
3.2.

Efficiency DEA Model

Our main efficiency DEA model uses the following set of variables as inputs and outputs.
Outputs:
• Low ESI : Percentage of patients served by the physician who have ESI levels 1 and 2 (i.e.,

high-acuity patients);
• Older than 65 : Percentage of patients served by the physician who are older than 65.

Input:
• Average contact-to-disposition time: This variable denotes the time from the physician’s initial

contact with the patient until a disposition order is issued.
For the efficiency model, we use an input-oriented approach to test whether a DMU (i.e., physician) under evaluation can reduce its input while keeping the outputs at their current levels.
Intuitively, physicians with higher efficiency scores in this setting are those who have a lower average contact-to-disposition time for a given mix of patients they serve. Low-ESI patients and those
older than 65 are known to be patients that have a relatively higher contact-to-disposition time
than other patients (Latham and Ackroyd-Stolarz 2014). Thus, assuming that two physicians serve
the same mix of patients (ratio of low-ESI and older patients to other patients), the one who can
maintain a lower contact-to-disposition time, will have a better throughput (a widely-used measure
of operational efficiency).
Our rationale for the efficiency model’s input/output variables described above is mainly based on
our discussions with ED physicians.2 In particular, our discussions indicate that while a physician’s
ability to serve patients efficiently might be attributable to his/her cognitive abilities, his/her
1

In EDs, the service is provided by a specific physician who is in charge of the patient, and the ED service is very
rarely composed of a teamwork among physicians (see, e.g., Saghafian et al. 2012, Saghafian et al. 2019, and the
references therein). Thus, a patient’s outcomes are directly related to the physician who serves him/her.
2

One of the authors of this paper is the chairman of the ED of our partner hospital, which is a leading hospital in
the U.S.
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average contact-to-disposition time given a fixed mix of low-ESI and older patients s/he sees can
serve as a good proxy for measuring such abilities. We also note that while we have chosen patient
LOS as the effectiveness model’s input variable, our choice for the efficiency model’s input variable
is a physician’s average contact-to-disposition time. The reason is that LOS captures the total
time a patient spends in the ED, which is not fully controllable by the physician. In contrast,
contact-to-disposition time is at the discretion of physicians. Finally, we note while LOS and
contact-to-disposition time are positively correlated, the fact that our effectiveness and efficiency
models use different DEA orientations ensures that any potential relationship between physicians’
effectiveness and efficiency scores is not merely due to the inherent dependency between these
variables.
3.3.

Physician-Pair DEA Models

Our DEA models described in the previous sections allow us to capture individual physicians’
effectiveness and efficiency scores, and answer our first three research questions (Research Questions
1, 2, and 3). In order to also examine the effects of peers’ presence on a focal physician’s effectiveness
and efficiency scores (Research Question 4), we use a variation of the proposed DEA models in
which each DMU comprises physician i who has worked alongside his/her peer physician j in year
t. Our physician-pair DEA models, hence, capture a focal physician i’s average effectiveness and
efficiency scores while working alongside his/her peer physician j in year t. We identify a focal
physician’s peers as those physicians who have worked alongside the focal physician during the
same shifts. We then construct a dataset comprising of every combination of focal-peer physician
pairs corresponding to each year of our study period. This leaves us with 2,268 physician-pair
observations that we can use for our physician-pair DEA models. Making use of all of our four
DEA models (effectiveness and efficiency for both individual and physician-pair performance), in
turn, enables us to provide answers to our four research questions (see Section 6).

4.

Machine Learning (ML) Algorithms

To test the validity of our generated DEA scores, in addition to re-running our DEA models
by making use of different sets of input/output variables (see Section 7), we utilize various ML
algorithms including Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Classification
and Regression Trees (CART), Random Forest (RF), a Generalized Linear Model (GLM), and
Least Absolute Shrinkage and Selection Operator (LASSO). We first compare these algorithms
in terms of their performance in predicting the effectiveness and efficiency of physicians. We do
so via 5-fold cross-validation, which allows measuring the average out-of-sample performance of
these algorithms by creating different training and test datasets. We label the highly effective and
efficient physicians in the training sets as those with lower-than-average 72-hour rate of return and
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contact-to-disposition time, respectively. The input variables (potential predictors) that are used
by the ML algorithms include various patient characteristics (age, gender, race, ESI), physician
characteristics (average test order count, job tenure, admission rate, etc.), and ED characteristics
(e.g., ED volume). A summary statistics of these variables is presented in Table 1. We omit the
72-hour rate of return and average contact-to-disposition time variables from the set of potential
predictors in the effectiveness and efficiency ML models, respectively, since these represent the
outcome variables (i.e., what the algorithms are asked to predict).
We compare the predictive power of the ML algorithms using the Area Under the Curve (AUC)
measure as well as classification accuracy and the Kappa coefficient (which adjusts for the effect
of random chance on accuracy). These measures (calculated using 5-fold cross-validation) are presented in Figures 1-4. As demonstrated in these figures, the RF algorithm results in the highest
AUC, accuracy, and Kappa measures compared to the other algorithms. We, therefore, use the
RF model to predict the highly effective and efficient physicians in the test sets. We then compare
the predictions made by the RF approach to those derived from our DEA models. To this end, we
define the following four groups of physicians:
Group 1: Highly effective / Highly efficient;
Group 2: Highly efficient / Lowly effective;
Group 3: Highly effective / Lowly efficient;
Group 4: Lowly efficient/ Lowly effective,
where we use the average effectiveness and efficiency DEA scores to categorize physicians into
Groups 1-4. Independently, we use the predictions obtained from the best ML approach — the RF
algorithm — to classify physicians into the aforementioned four groups. As noted earlier, we trained
all the ML algorithms including RF independent of the DEA scores and after labeling the highly
effective and efficient physicians in the training sets as those with lower-than-average 72-hour rate
of return and contact-to-disposition time, respectively. We then compare the classifications derived
from the DEA and ML approaches as illustrated in Figures 5-8. In these figures, red data points
indicate highly effective and efficient physicians that are separated by the average line (depicted
in blue color) from all other observations (black data points).
We find an average 76% overlap between the classifications obtained via the DEA and ML
approaches. This finding validates the accuracy of our proposed DEA models to a great extent. This
is especially the case since the RF algorithm uses a different set of input variables compared to those
used in our DEA models. For example, Figures 1 and 2 in Online Appendix B present the variable
importance graphs corresponding to the RF effectiveness and efficiency models, respectively.3 As
3

To measure variable importance, these figures use the mean decrease in node impurity (the Gini coefficient) such
that a higher mean decrease in the Gini coefficient denotes higher variable importance.
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Table 1

Summary Statistics - ML Variables

Variable
Patient Characteristics
Older than 65 Patients (%)
Female Patients (%)
White Patients (%)
ESI Levels 1 and 2 (%)
Physician Characteristics
Test Order Count
Experience (Years)
Job Tenure (Years)
Admission Rate (%)
Overcalling Rate (%)
Undercalling Rate (%)
LOS (Minutes)
72-hr Rate of Non-Return (%)
Contact-to-Disposition Time (Minutes)
ED Characteristics
ED Volume (Patients per Physician Shift)

Mean

SD

Min

Max

45
53
91
15

2.88
1.83
1.54
2.13

39
48
87
7.5

58
58
95
21

144.13
22.16
8.38
0.11
0.18
0.04
235.02
0.97
144.13

24.37 87.55 215.39
7.49
6
39
6.01
0
18
0.03 0.05
0.20
0.05 0.08
0.33
0.02
0
0.11
26.84 180.64 297.81
0.01 0.94
0.99
24.37 87.55 215.39

23.77

4.90

12.20

Note: N = 106. Observations are at the physician-year level.
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demonstrated in these figures, the RF algorithm’s selection of important variables is completely
different than that of our DEA models. Yet, the results obtained from the RF approach significantly
overlaps with those of our DEA models, which gives us confidence about the validity of our DEA
models.
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In what follows, we make use of our DEA scores to generate insights into our Research Questions
1-4. We make use of our DEA scores as opposed to any of the above-mentioned ML algorithms
(e.g., RF) for three main reasons: (1) compared to the black-box nature of the ML algorithms, the
DEA methodology provides more transparency to the user, (2) it is easier to interpret the DEA
results and communicate the derived insights using an input-output view of a DMU, and (3) the
ML algorithms typically require a large set of input variables compared to DEA, which makes them
less useful in hospitals in which not all such variables are collected.

5.

Statistical Methodology

To gain insights into our Research Questions 1-3, we regress the generated individual DEA scores
of physician i in year t (θit ) (defined in Section 3), on a set of explanatory variables related to
physician characteristics which we denote by Uit . The regression model takes the following general
form:
θit = β1 Uit + β2 Wit + β3 Eit + γt + it ,

(2)

where Wit denotes the vector of control variables which include patient characteristics such as
average age, gender, race, and ESI. Eit indicates the average ED volume of those shifts that
physician i is assigned to in year t and γt denotes year fixed effects. it is a statistical noise. In
order to examine the potential influence of peers’ characteristics on a focal physician’s average
effectiveness and efficiency (Research Question 4), we make use of the following regression model:

θijt = β1 Uijt + β2 Wijt + β3 Zijt + β4 Eijt + σi + γt + ijt ,

(3)

where θijt (defined in Section 3.3) denotes physician-pair DEA scores corresponding to focal physician i when working alongside peer physician j in year t and Zijt represents indicator variables
coded as 1 if peer physician j has a higher effectiveness score, a higher efficiency score, different
medical degree, or opposite gender compared to focal physician i. σi denotes physician fixed effects.
In order to estimate the coefficients in (2) and (3), a regression technique other than the standard
multivariate regression is needed. This is because the standard regression technique assumes a
normal and homoscedastic distribution of the noise. However, since the DEA scores are between 0
and 1, our dependent variable is bounded and error terms may not satisfy these assumptions.
Tobit regression can be used whenever there is truncation, causing a mass of observations at
a threshold value such as 0 or 1 (Chilingerian 1995). Although unlike the case of truncation,
DEA does not exclude observations greater than 1 (or below 0), it does not allow a DMU to be
assigned a value outside the range [0, 1]. Hence, DEA easily fits the requirement of the Tobit
model (Chilingerian 1995). Following the normalization approach of Greene (1993), which assumes
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a censoring point at zero, we transform the DEA scores to:
yit = (1/θit ) − 1,
where θit is the DEA measure of physician i’s performance in year t. The transformed DEA scores
then become the dependent variable that takes the form:
(
B 0 xit + uit , if yit > 0,
yit =
0,
otherwise,
where B is a vector of coefficients and xit is a vector of covariates, and uit is the error term that
is normally distributed with a mean of zero and a variance of σ 2 . To account for unobserved serial
correlation in the DEA scores, which might arise as a result of calculating a DMU’s DEA score
by incorporating all other DMUs in the dataset, we use Simar and Wilson’s bootstrap procedure
(Simar and Wilson 1998) for bias-correction of the scores.

6.

Results

To present our results, we first discuss our findings related to our Research Question 1: are effectiveness and efficiency of a physician substitutes (negatively correlated) or complements (positively
correlated)? We then present our results related to our Research Question 2: what is the relationship between effectiveness/efficiency of a physician and various characteristics, including those of
the physician (e.g., test order count, experience, tenure), patients (e.g., race, gender, age, ESI),
and the environment (e.g., ED volume/workload)? Next, we present our findings in answering our
Research Question 3: what do highly effective and efficient physicians do differently than their
peers? Finally, we discuss our results with respect to our Research Question 4: How do physician
peers influence each other’s effectiveness and efficiency?
6.1.

Effectiveness and Efficiency: Substitutes or Compliments?

We begin our analysis by generating insights into our Research Question 1. We do so by examining
the relationship between physicians’ effectiveness and efficiency scores. Importantly, we find that
higher scores on the efficiency metric do not lead to lower scores on the effectiveness metric, as
conventional wisdom might suggest. Rather, there is a statistically significant positive relationship
between the two scores (see Table 2): effective physicians are more likely to be efficient as well. This
is an important observation, especially in the view of traditional debates that argue healthcare
providers cannot become more effective and more efficient at the same time. Indeed, our finding
questions the validity of the conventional wisdom, which postulates that being efficient in providing
care might require following less effective treatments, and suggests that physician effectiveness and
efficiency should be viewed as complements (not substitutes).
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Table 2

Regression Results - Effectiveness Model - Individual Physician

Dependent variable: DEA Effectiveness Score
DEA Efficiency Score

0.0565∗∗∗
(0.0110)

Job Tenure

−0.0003∗
(0.0001)

Avg Test Order Count

−0.0043∗∗
(0.0015)

ED Volume

−0.0022∗∗
(0.0008)

ED Volume x Avg Test Order Count

0.0002∗∗
(0.00006)

Contact-to-disposition Time

−0.0001∗∗∗
(0.00002)

Overcalling Rate

−0.0186∗
(0.0083)

Undercalling Rate

−0.0094
(0.0209)

Note: N = 106. Observations are at the physician-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

6.2.

Physician Characteristics

To provide insights into Research Question 2, we next examine the relationship between physicians’ DEA scores and their characteristics. As shown in Table 2, our results indicate a statistically
significant negative relationship between a physician’s effectiveness score and his/her job tenure.
This observation implies that more tenured physicians have on average lower effectiveness scores.
A reasonable initial assumption might be that as knowledge and skill increase with greater tenure,
effectiveness will also improve (Ng and Feldman 2013). In contrast, our finding is more consistent with the literature on job design and motivation that suggests that, as job tenure increases,
employees are likely to become less motivated at work (Hackman and Oldham 1980, Kass et al.
2001, Bruursema et al. 2011). However, our results might also be related to a different reason: the
ED might have imposed higher hiring standards in recent years or simply has been able to attract
physicians who are more effective. Due to lack of data, we are unable to differentiate between these
or other potential reasons behind our finding. Although measuring differences in motivation or
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hiring standards is typically a difficult task, we hope future research can use other sources of data
to shed light on the reason behind the negative relationship between job tenure and effectiveness.
Our results also indicate a negative relationship between a physician’s effectiveness and his/her
average number of test order count. This implies that effective physicians are those who order less
tests, or more accurately, order tests more intelligently. The fact that physicians with lower number
of ordered tests have higher scores on the effectiveness metric supports a theory that not only there
exist inherent differences among physicians with respect to effectiveness, but that effectiveness of
providers might be improved via training programs that enable providers to decrease their use of
unnecessary tests.
Our results regarding physician efficiency are displayed in Table 3. The results indicate a statistically significant positive relationship between a physician’s efficiency score and his/her experience
level. This is consistent with findings from other studies that indicate higher levels of experience
can boost efficiency.4 In addition, our results show a negative correlation between a physician’s
efficiency and his/her average number of test order count, implying that a physician’s test ordering
behavior is a contributing factor to his/her efficiency (similar to his/her effectiveness).
6.3.

Patient Characteristics

To provide further answers to Research Question 2, we also examine the relationship between
a physician’s performance and his/her patient characteristics. Our results presented in Table 4
show no statistically significant relationship between a physician’s effectiveness score and his/her
average patient characteristics. With regards to physician efficiency scores, the results presented in
Table 5 show that physicians’ average efficiency scores increase when they encounter older patients,
although the size of the coefficient is small (0.04). Overall, our results are consistent with the
relevant literature that suggests patient characteristics should ideally have little or no effect on
DEA scores (Chilingerian 1995).
6.4.

Environment Characteristics

In addition to physician and patient characteristics we discussed in the previous sections, we study
the impact of environment characteristics on physicians’ effectiveness and efficiency. Specifically,
given the large body of literature examining the effects of high workloads on physician performance
(KC and Terwiesch 2009, Powell et al. 2012, Berry Jaeker and Tucker 2017, Batt and Terwiesch
2017), we study whether and how physician effectiveness and efficiency are affected by high ED
volume. The results presented in Table 3 show that on average physician efficiency improves as ED
volume increases. Furthermore, our results regarding physician effectiveness presented in Table 2
4

For example, Venkataraman et al. (2018) show that more experienced surgeons are more efficient (evidenced by
their patients’ reduced LOS) in performing surgical procedures.
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Table 3

Regression Results - Efficiency Model - Individual Physician

Dependent variable: DEA Efficiency Score
0.0028∗
(0.0012)

Experience

Avg Test Order Count

−0.0249∗∗∗
(0.0059)

ED Volume

0.0254∗∗∗
(0.0043)

ED Volume x Avg Test Order Count

−0.00012∗
(0.0005)

Overcalling Rate

−0.1870
(0.2479)

Undercalling Rate

−0.8911
(0.5052)

Note: N = 106. Observations are at the physician-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

Table 4

Effectiveness Model - Patient Characteristics

Dependent variable: DEA Effectiveness Score
Age

0.0011
(0.0001)

ESI

-0.0514
(0.0330)

Gender

-0.0555
(0.0719)

Race

-0.0076
(0.0633)

Note: N = 106. Observations are at the physician-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001
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Table 5

Efficiency Model - Patient Characteristics

Dependent variable: DEA Efficiency Score
Age

0.0407∗∗∗
(0.0099)

ESI

-0.3212
(0.3818)

Gender

-0.5533
(0.3693)

Race

1.1730
(1.0329)

Note: N = 106. Observations are at the physician-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

show that high workloads have a negative effect on physicians’ average effectiveness scores. Consistent with the extant literature, our findings, thus, highlight the impact of high workloads on
physician effectiveness and efficiency. For example, Saghafian et al. (2019) show that the magnitude of the effects of peers on physician speed and quality increases during high-volume shifts.
The authors further demonstrate that test ordering and hospital admission are potential channels through which physicians influence each other’s speed and quality, respectively. Our dataset,
however, is insufficient for establishing statistically significant evidence for the mechanisms driving the effects of ED volume on physician effectiveness and efficiency DEA scores. Exploring such
mechanisms provides a potential avenue for future research.
6.5.

What Do Highly Effective and Efficient Physicians Do Differently?

Our results presented in the previous sections provide insights into our Research Questions 1
and 2. We now turn our attention into our Research Question 3, and generate insights into the
characteristics of highly effective and efficient physicians, defined as those physicians with a higherthan-average effectiveness and efficiency DEA scores, respectively. To this end, we run model (2)
on sub-samples of highly effective and efficient physicians. We present our results corresponding
to highly effective and efficient physicians in Tables 6 and 7, respectively. As demonstrated in
Table 6, we find a negative relationship (though weakly statistically significant) between highly
effective physicians and their average test order count. This implies that highly effective physicians
order less tests compared to their peers. This indicates that, compared to other physicians, highly
effective physicians are able to order tests more intelligently and eliminate only unnecessary tests
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Table 6

Highly Effective Physician Model

Dependent variable: DEA Effectiveness Score
-0.0003∗∗∗
(0.00007)

Avg LOS

Avg Test Order Count

-0.0009
(0.0006)

ED Volume

0.0007
(0.0006)

Note: N = 46. Observations are at the physician-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

Table 7

Highly Efficient Physician Model

Dependent variable: DEA Efficiency Score
Avg Contact-to-Disposition Time

-0.00514∗∗∗
(0.0006)

Avg Test Order Count

-0.0120∗∗
(0.0045)

ED Volume

0.0117∗∗
(0.0042)

Note: N = 40. Observations are at the physician-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

(i.e., cut tests that do not result in less effective treatments). While we establish a negative relationship between average physician effectiveness and ED volume in Section 6.4, we find no statistically
significant evidence that high ED volume impacts the effectiveness of highly effective physicians.
This finding, thus, suggests that highly effective physicians maintain their effectiveness under high
workloads unlike other physicians.
The results presented in Table 7 provide statistically significant evidence for a positive association
between physician efficiency and ED volume among highly efficient physicians, suggesting that a
highly efficient physician’s efficiency improves during high-volume shifts. In addition, our results
show that highly efficient physicians order less tests on average compared to their peers.
6.6.

Peer Influence

We now provide insights into our Research Question 4. Our results presented in Table 8 show a
statistically significant negative relationship between a physician’s effectiveness and the presence
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Table 8

Regression Results - Effectiveness Model - Physician-Pair

Dependent variable: DEA Effectiveness Score
More Efficient Peer

0.0007
(0.0022)

More Effective Peer

−0.009∗∗∗
(0.0021)

Different-Degree Peer

−0.004
(0.003)

Opposite-Gender Peer

0.0016
(0.003)

Note: N = 2,268. Observations are at the physician pair-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

of a more effective peer. This finding suggests that, all else equal, scheduling a physician with
a less effective peer during the same shift results in an increase in the physician’s effectiveness.
Similarly, the regression results of physician-pair efficiency analysis displayed in Table 9 show that
the presence of a more efficient peer is associated with a decrease in the focal physician’s efficiency.
These suggest that more effective and efficient providers can have a negative influence on their
peers’ effectiveness and efficiency, respectively. This is in line with the findings in (Saghafian et al.
2019) in which, using a different statistical methodology, the authors provide evidence for oppositedirectional peer influence, and highlight the importance of incorporating peer influence in physician
scheduling where a hospital administrator needs to decide on the set of physicians who should work
during the same shifts. Finally, our results do not indicate any statistically significant evidence for
peer influence with respect to physicians’ relative gender and medical degree on a focal physician’s
average effectiveness and efficiency.

7.

Robustness Checks

In this section, we provide various robustness checks. We do so by providing alternative models
for measuring physicians’ effectiveness and efficiency. We also conduct our ML analysis using an
alternative approach to labeling the high-performing physicians in the training sets.
7.1.

Alternative Effectiveness Model

In order to ensure that our results with respect to physician effectiveness are not sensitive to the
choice of the output variable (72-hour rate of non-return), we repeat our analysis using alternative
measures of effectiveness. Specifically, we use a physician’s over- and under-calling rates as output
variables in addition to the 72-hour rate of non-return patient visits. We define a physician’s

24
Table 9

Regression Results - Efficiency Model - Physician-Pair

Dependent variable: DEA Efficiency Score
More Efficient Peer

−0.006∗
(0.0023)

More Effective Peer

0.004
(0.0021)

Different-Degree Peer

0.0002
(0.0031)

Opposite-Gender Peer

0.0024
(0.0031)

Note: N = 2,268. Observations are at the physician pair-year level.
Note: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

overcalling rate as the percentage of patients admitted by him/her from the ED to the hospital
who were subsequently discharged from the hospital within 12 hours of admission. Similarly, we
choose the percentage of patients admitted by a physician to the hospital (from the ED) who were
upgraded from a floor bed to an intermediate care or ICU bed within 12 hours of admission as a
proxy for how often the physician undercalls his/her patients’ illness severity. Since the over- and
under-calling rates would be considered undesirable outputs, we use the 12-hour non-discharge and
12-hour non-upgrade patient admission rate as output variables. We choose the physician’s average
number of test order counts as the model’s input variables. This effectiveness model’s variables,
thus, include:
Outputs:
• Rate of discharged patients who do not return within 72 hours;
• Rate of admitted patients who are not discharged within 12 hours;
• Rate of patients admitted to a floor/ward bed who are not upgraded within 12 hours.

It should be noted that the first output variable above is suitable for considering performance
among discharged patients, while the two other output variables consider performance among
admitted patients. The choice of threshold numbers (72 and 12) is made based on observations
made in the literature (see, e.g., Keith et al. 1989, Gordon et al. 1998, and the references therein)
as well as conversations with ED physicians. In addition, we perform sensitivity analyses on these
thresholds by changing each of them within a range, and observe that our main results still hold.
Inputs:
• Radiology Order Count: Average number of the physician’s radiology orders per patient visit;
• Ultrasound Order Count: Average number of the physician’s ultrasound orders per patient

visit;
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• MRI Order Count: Average number of the physician’s MRI orders per patient visit.

A positive correlation between the input and the output variables confirms our choice of the
model’s input variables (P = 0.001). We re-run our second-stage Tobit regression analysis using
the scores derived from this model and observe that our main results hold (see Online Appendix
C).
7.2.

Alternative Efficiency Model

Similar to our robustness test for the effectiveness model, we re-run our analysis using an alternative
efficiency model defined as follows:
Output:
• Throughput: Average number of patients seen by the physician per shift.

Inputs:
• High ESI : Percentage of patients served by the physician who have ESI levels 4 and 5 (i.e.,

low-acuity patients);
• Younger than 65 : Percentage of patients served by the physician who are younger than 65.

For our alternative efficiency model, we choose an output-oriented DEA model based on which
efficient physicians are identified as those who have a higher throughput rate for a given mix
of patients. Based on our discussions with ED physicians, throughput — the average number of
patients served by a provider per unit of time — possesses significant face validity for exploratory
analysis. Our input variables in this model comprise a low-acuity and younger patient mix which
on average requires less time to treat. As such, efficient physicians are identified as those who
have a higher throughput rate for a given mix of patients. We re-run our statistical analysis using
this alternative efficiency model and observe that our findings are consistent with our main results
discussed in Section 6 (see Online Appendix C).
7.3.

Alternative ML Algorithm Training Sets

In Section 4, we used the average 72-hour rate of return and contact-to-disposition time to label
the highly effective and efficient physicians in our training sets, respectively. In order to examine
the robustness of our results to this choice, we repeat our analysis using the median 72-hour rate
of return and contact-to-disposition time as an alternative way to identify the high-performing
physicians in the training sets. We present the classifications of physicians using this alternative
approach and comparison with the DEA classifications in Online Appendix D. Our inferences
remain unchanged.
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8.

Conclusions

Using evidence from emergency medicine, we develop and analyze metrics for physicians’ effectiveness and efficiency. We then use our metrics to generate insights into the relationship between
physician performance and factors related to patient, physician, environment, and physician peers.
Unlike what the conventional wisdom suggests, our findings show that a physician’s effectiveness
and his/her efficiency are positively associated. In addition, we find that more effective physicians
have lower than average test order count and job tenure. We also find that efficient physicians
have on average lower test orders per patient visit and more years of experience compared to their
peers. In addition, we find that during high-volume shifts, a physician’s efficiency improves while
his/her effectiveness declines. We also identify some of the characteristics of highly effective and
efficient physicians. Our findings indicate that highly effective physicians order less tests compared
to their peers. Faced with high workloads, we show that highly effective physicians are able to
maintain their effectiveness more so than their peers. In addition, we find that highly efficient
physicians utilize less test orders per patient visit and are more efficient during high-volume shifts
compared to their peers. Furthermore, our results provide evidence for the existence of peer influence, and suggest that the presence of more effective and efficient peers has negative effects on a
focal physician’s effectiveness and efficiency, respectively.
We believe that our analysis serves as an early step to explore issues of physician effectiveness and
efficiency. Importantly, we do not believe that the scores we develop are the only ways to measure
effectiveness or efficiency.5 That is, our work does not provide a definitive calculus for determining
who is (or is not) an effective or efficient physician, but rather uses analytical techniques to explore
these issues in an early attempt to better understand them. Nevertheless, our findings shed light on
important potential new ways to improve the efficiency and effectiveness of healthcare delivery. For
example, they can help individual physicians observe their weaknesses and realize the advantages
of following what the highly efficient and effective physicians do differently. Similarly, well-designed
training programs can use our findings to facilitate this learning process. Furthermore, our findings
can prove useful in the area of physician scheduling as they demonstrate how peer influence can
play an important role in effective and efficient care delivery. Thus, our insights on peer influence
can be used to understand which physicians should be scheduled during the same shift so as to
boost performance without increasing resources.
Finally, we note that our analyses in this paper are purely based on quantitative data. The
inclusion of qualitative factors in future studies may improve the strength and applicability of
our effectiveness and efficiency models. Future work can also provide a more complete picture of
5

For example, one may improve our scores by also including aspects of patient satisfaction that correlate with higher
provider performance levels.
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the channels through which a physician’s effectiveness and efficiency can be improved. Given the
importance of understanding factors that can improve the efficiency and effectiveness of physicians,
we hope to see more future studies in these veins.
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