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AbsTrACT
Objectives Emergency physician productivity, often 
defined as new patients evaluated per hour, is essential 
to planning clinical operations. Prior research in this area 
considered this a static quantity; however, our group’s 
study of resident physicians demonstrated significant 
decreases in hourly productivity throughout shifts. We 
now examine attending physicians’ productivity to 
determine if it is also dynamic.
Methods This is a retrospective cohort study, conducted 
from 2014 to 2016 across three community hospitals 
in the north-eastern USA, with different schedules 
and coverage. Timestamps of all patient encounters 
were automatically logged by the sites’ electronic 
health record. Generalised estimating equations were 
constructed to predict productivity in terms of new 
patients per shift hour.
results 207 169 patients were seen by 64 physicians 
over 2 years, comprising 9822 physician shifts. Physicians 
saw an average of 15.0 (SD 4.7), 20.9 (SD 6.4) and 13.2 
(SD 3.8) patients per shift at the three sites, with 2.97 
(SD 0.22), 2.95 (SD 0.24) and 2.17 (SD 0.09) in the first 
hour. Across all sites, physicians saw significantly fewer 
new patients after the first hour, with more gradual 
decreases subsequently. Additional patient arrivals 
were associated with greater productivity; however, this 
attenuates substantially late in the shift. The presence 
of other physicians was also associated with slightly 
decreased productivity.
Conclusions Physician productivity over a single shift 
follows a predictable pattern that decreases significantly 
on an hourly basis, even if there are new patients to 
be seen. Estimating productivity as a simple average 
substantially underestimates physicians’ capacity early 
in a shift and overestimates it later. This pattern of 
productivity should be factored into hospitals’ staffing 
plans, with shifts aligned to start with the greatest 
volumes of patient arrivals.

InTrOduCTIOn 
Physician productivity, defined as new patients 
evaluated per hour, is an essential ED operations 
metric. The existing ED operations literature has 
generally defined this as an average (new patients 
per hour) calculated over an entire shift.1 2 Our 
recent study of resident physicians’ productivity 
showed that the number of new patients a resident 
sees declines significantly over subsequent hours of 
the shift.3 Correspondingly, an average measure-
ment of productivity will tend to overestimate a 
physician’s capacity to see patients late in the shift 
and underestimate their potential at the beginning.

Anticipating how many patients a physician sees 
during the course of a shift, and when in the shift 
the physician sees them, are two key factors to 
consider in staffing an ED appropriately and have 
important implications. While there are many 
factors governing patient throughput, the door-
to-doctor time (an important clinical measure and 
a quality metric mandated for many hospitals) 
depends on the presence of a physician available 
to see new patients.4 5 If physician productivity is 
dynamic, it would be essential to align physicians’ 
periods of greatest capacity to see new patients 
with patient arrivals. An accurate picture of ED 
physicians’ work habits is also a prerequisite to 
investigating how many patients a physician can 
be expected to see safely during a shift and how 
many physicians are needed to efficiently staff a 
particular ED.

In this study, we examined the number of 
new patients that attending physicians evalu-
ated during each hour throughout the course 
of 8-hour and 9-hour shifts to determine if 
productivity stayed constant or if it changed by 
shift hour.

Key messages

What is already known on this subject
 ► The productivity of individual emergency 
physicians is reported in terms of an average 
number of new patients seen per hour (or a 
derived measure), calculated across an entire 
shift. A previous study of resident (trainee) 
emergency physicians demonstrated that 
residents typically do not see a steady number 
of new patients per hour, they see fewer 
patients in each consecutive hour of their shift.

What this study adds
 ► In this retrospective study of three community 
hospital EDs with varying shift lengths, 
emergency physicians evaluated significantly 
more new patients early in a shift, and few 
at the end of a shift, rather than at a steady 
pace. Physicians were also less responsive to 
the arrival of new patients later in the shift, 
suggesting that the beginning of physicians’ 
shifts should be aligned with periods of highest 
volume, and staggered to ensure that there 
is an adequate number of patients to be seen 
early in the shift.

http://www.collemergencymed.ac.uk/
http://emj.bmj.com/
http://crossmark.crossref.org/dialog/?doi=10.1136/emermed-2017-207194&domain=pdf&date_stamp=2018-04-07
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MeThOds
study design
This was a retrospective, observational study of deidentified 
timestamp data.

study setting
The study setting was three separate suburban community 
hospital EDs in north-eastern USA. The three sites have different 
schedules and amounts of overlapping coverage, but have simi-
larly structured 8-hour and 9-hour shifts. Physicians assign 
themselves to patients at all sites ad libitum once patients have 
entered the department. The largest site (site 1) has 46 000 visits 
per year, with six to seven overlapping daily physician shifts 
based on anticipated demand; the middle site (site 2) has 32 000 
visits per year, with four physician shifts; and the lowest volume 
site (site 3) has 28 000 visits per year, with three to four physi-
cian shifts. Additional characteristics of the sites are described 
in table 1. Nine-hour shifts at all sites have the final hour of the 
shift dedicated to shift wrap-up, during which physicians are not 
expected to see new patients and have the expectation that all 
signed-out patients have a set plan for their disposition.

Sites 1 and 3 have dedicated fast-track areas, limited to patients 
with Emergency Severity Index (ESI) level 4 and 5 complaints 
(such as an ankle sprain or medication refill), that are staffed 
primarily by mid-level providers (MLPs), who operate under 
the supervision of an attending physician. Apart from these 
fast-track areas, there are no geographical limitations to patient 
assignments at any of the three sites (such as pods or zones). No 
resident or trainee physicians rotate at the sites. The physician 
groups at all three sites are independent of one another.

In each of these EDs, timestamps are automatically recorded 
by the electronic medical record as physicians assign themselves 
to patients, and the timestamp data are compiled along with 
additional aggregated and deidentified patient-level data by 
LogixHealth, a private company that provides coding, billing 
and operational analytical services for EDs throughout the USA.

study protocol
We abstracted 2 years of patient encounter data from all the 
ED information systems at three clinical sites (2014–2016). All 
patient encounters and their related timestamps were provided. 
All physicians at the three sites were included, and the authors 
performing the primary analysis were blinded to the physicians’ 
and sites’ identities. With the exception of the timestamp data, 
no other form of patient-identifying information was analysed, 

and individual timestamps were removed during the course 
of aggregating data into physician shifts to comply with the 
American Health Insurance Portability and Accountability Act. 
A database of physician shifts was created by abstracting new 
patient assignments and acuity, represented by ESI level. Shifts 
were subdivided by hour, and all shifts were matched against an 
external database of physician shift schedules provided by the 
clinical sites. Aberrant timestamps were identified using a set of 
algorithms that examined for several specific outliers (assign-
ments to off-shift physicians, patient dispositions prior to assign-
ment and negative lengths of stay).

MeAsures
Our primary outcome measure was the number of new patient 
assignments per physician for each hour of the shift. While rela-
tive value units (RVUs), which measure estimates of physician 
effort and resource utilisation, have been used as a supplement 
or alternative to patient assignments to measure productivity in 
several prior studies, they are subject to substantial variability 
between years, particularly for procedures.3

data analysis
Statistical analysis was performed with Python 3.6, using the 
SciPy library of packages,6–9 with additional model verification 
run in R.10 Our primary outcome measure, new patient assign-
ments per hour, was assessed by multivariable Gaussian regres-
sion models using a generalised estimation equation (GEE) 
method. GEEs are related to traditional linear regression, but are 
particularly well-suited to data sets in which multiple longitu-
dinal measurements are taken of the same subject, which in this 
study were groups of consecutive shifts by the same physician. 
GEEs give robust estimations of population-wide effects, even 
if the covariance between repeated observations is unknown 
or incorrectly specified.11 12 We defined our model using an 
exchangeable covariance structure, which assumes equal correla-
tion between terms. Alternative covariance structures, such as an 
autoregressive (ie, AR(1)), which models a declining correlation 
over time, were also tested in sensitivity analyses.

The main effect was the shift hour, which was defined in our 
model as a categorical variable to evaluate differences between 
individual hours of the shift. The first shift hour was used as 
the reference value. Thus, the estimate for each subsequent hour 
demonstrates the hour’s expected difference in productivity 
from the first hour.

Our multivariate analysis included additional a priori inde-
pendent variables which had been shown to affect productivity 
from our previous study. These included the number of new 
available patients per hour (hourly patient arrivals in the ED), the 
number of concurrent physician providers in a given hour and 
the median ESI score of the patients seen during each hour. We 
also included interaction terms between patient arrivals and the 
individual hours of the shift, which modelled potential changes 
in the response to arriving patients over subsequent hours. 
Due to the fact that signed-out patients are generally not trans-
ferred on the physician tracking system at the sites investigated, 
signed-out patients were not counted towards a provider’s new 
patients per hour. This resulted in a final formula of predicted 
patients per hour = (baseline+hourly adjustment) + (patient 
arrivals × (baseline+hourly adjustment)) + (doctors working 
× coefficient) + (median acuity × coefficient). We report 
final parsimonious models as determined by quasi-likelihood 
score.13 A two-sided P value <0.05 was considered statistically 
significant.

Table 1 Characteristics of the study participants and sites evaluated

Characteristics site 1 site 2 site 3

Yearly visits 46 000 32 000 28 000

Shifts per day 6–7 4 3–4

Shifts evaluated 4444 2920 2458

Physicians working during the 
study period

22 17 25

Maximum number of 
concurrent physicians

3 2 2

Hours of single provider 
coverage

6 12 12

Hours of mid-level provider 
coverage

16 18 14

Mean patients per shift 15.0 (SD 4.7) 20.9 (SD 6.4) 13.2 (SD 3.8)

Percentage Emergency Severity 
Index 3 or more acute

73.1 76.2 76.9
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resulTs
There were 207 169 patient encounters evaluated by 64 attending 
physicians during the study period. The enrolment process is illus-
trated in figure 1. Of these encounters, 6397 (3.1%) had missing 
data or aberrant timestamps. The missing data constituted 4795 

patients who were seen by an MLP for which the encounter was 
missing an initial physician assignment timestamp. The majority 
of these encounters (4618) were at site 1, constituting patients 
who were seen in the fast-track area and not necessarily seen 
directly by a physician. The 1602 aberrant timestamps consisted 
of patient assignments which did not correspond to the correct 
hours of the physician shift to which it was assigned, indicating 
that the assigned patient had arrived substantially before the 
beginning of the shift. The aberrant assignment timestamps were 
clustered at sites 1 and 2, and had an equivalent distribution in 
ESI. All encounters with missing data or aberrant timestamps 
were withheld from the analysis. The final data set for analysis 
comprised 200 772 patient encounters, across 9822 shifts, 4444 
from site 1, 2920 from site 2 and 2458 from site 3. The full 
details of the clinical sites and physicians are detailed in table 1.

Across all three sites, the regression model demonstrated a 
monotonic decrease in productivity with every subsequent hour 
of the shift (figure 2, tables 2–4). Physicians at sites 1 and 2 
had the highest starting productivity at 2.97 patients per hour 
(95% CI 2.53 to 3.41) and 2.95 patients per hour (95% CI 2.47 
to 3.43), while physicians at site 3 began at 2.17 (95% CI 2.00 
to 2.33). Physicians at all sites demonstrated a significant decline 
in productivity between the first and second hours of the shift, 
as well as during the final 2 hours of the shift.

By the midpoint of the shift (hour 4), physicians at all three sites 
had lost close to half of their initial productivity relative to the first 
hour (site 1: −1.61 (95% CI −2.09 to −1.13), site 2: −1.91 (95%% 
CI −2.37 to −1.44), site 3: −0.94 (95% CI −1.11 to −0.78)). 
By the seventh hour of the shift (1–2 hours before arrival of relief), 

Figure 1 Enrolment and analysis flow chart.

Figure 2 Hourly shift productivity across sites. Median and IQR in green, and means and 95% CI in blue.
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physicians at all three sites fell below one patient per hour. The extent 
of other hour-to-hour decreases in productivity varied by site, but at 
all sites the hours during the middle of the shift were associated with 
less dramatic declines between individual shift hours (tables 1–3).

Additional patient arrivals in the ED were associated with 
a modest increase in hourly productivity at all sites, but were 
much more prominent at the two smaller sites (site 1: 0.12 new 
patients seen per arrival (95% CI 0.07 to 0.17) vs site 2: 0.37 
(95% CI 0.31 to 0.43) and site 3: 0.42 (95% CI 0.35 to 0.48)). 
Over the course of the shift, the effect of additional arrivals 
varied by site, as modelled in the interaction between arrivals 
and shift hour (tables 2–4). Site 1, at which additional arrivals 
had only a small effect on individual productivity, saw no signifi-
cant decrease in this effect until the final hour of the shift. At site 
2, additional patient arrivals were associated with a consistent 
increase in productivity until the sixth hour of the shift (−0.11, 
95% CI −0.19 to −0.04), after which the effect of new arrivals 
declined steadily. At site 3, physician productivity remained 
sensitive to new arrivals until the fourth hour, when there was a 
small but statistically significant decline (−0.10, 95% CI −0.17 
to −0.04), and held during the remainder of the shift. By the 
final hour of the shift, the number of new arrivals required to 
prompt a physician to see an additional patient diverged widely: 
site 1—at least seven new arrivals, site 2—at least three new 
arrivals, and site 3—at least two new arrivals.

The presence of each additional physician working concur-
rently was associated with lower productivity at all three sites, 
most prominently at the lowest volume site (site 1: −0.37 (95% 

CI −0.42 to −0.32), site 2: −0.27 (95% CI −0.34 to −0.21), 
site 3: −0.43 (95% CI −0.50 to −0.36)). Lower median hourly 
acuity was associated with a mild increase in productivity for 
every point of less acute ESI score (higher ESI score), most 
prominently at site 1 (0.25, 95% CI 0.19 to 0.32).

dIsCussIOn
‘How many patients should I be seeing?’ is a fundamental profes-
sional question for the practising emergency physician, and ‘how 
should physicians be scheduled?’ has bedevilled many an adminis-
trator. While there exists a substantial body of operational research 
literature in emergency medicine, investigations of the productivity 
of individual emergency physicians in the community hospital setting 
have been limited. The majority of prior studies reporting measures 
of attending physician productivity have reported shift-level produc-
tivity measures (split between average patients per hour and RVUs 
per hour) within an academic rather than community setting, limiting 
their generalisability.14–21 Often, measures of individual productivity 
have been reported as a measure of specific interventions, such as 
the introduction of scribes, residents or informatics tools.16 20 22–24 
To date, no study has examined the pattern of attending physicians’ 
accrual of new patients over the course of a shift.

This study demonstrates that attending physicians’ productivity 
(as measured by new patients seen per hour) decreases predictably 
over the course of a shift, even after adjusting for the number of new 
patient arrivals per hour, the number of physicians working concur-
rently and acuity. This finding is similar to that of our previous 
study of resident physicians.3 Of note, attending physicians in our 

Table 2 Model of attending physician new patients per hour and 
covariates at site 1

effect
estimated new 
patients per hour 95% CI P value

Hour 1 (intercept) 2.97 2.53 to 3.41 <0.01

Hour 2 −1.00 −1.47 to −0.53 <0.01

Hour 3 −1.40 −1.87 to −0.92 <0.01

Hour 4 −1.61 −2.09 to −1.13 <0.01

Hour 5 −1.67 −2.20 to −1.14 <0.01

Hour 6 −1.69 −2.20 to −1.16 <0.01

Hour 7 −2.00 −2.42 to −1.58 <0.01

Hour 8 −2.56 −2.93 to −2.19 <0.01

Arrivals 0.12 0.07 to 0.17 <0.01

Arrivals * hour 2 −0.04 −0.11 to 0.03 <0.01

Arrivals * hour 3 −0.02 −0.09 to 0.05 <0.01

Arrivals * hour 4 −0.01 −0.06 to 0.07 <0.01

Arrivals * hour 5 −0.01 −0.07 to 0.09 <0.01

Arrivals * hour 6 −0.01 −0.09 to 0.06 <0.01

Arrivals * hour 7 −0.01 −0.07 to 0.06 <0.01

Arrivals * hour 8 −0.08 −0.13 to −0.03 <0.01

Each additional doctor 
working

−0.37 −0.42 to −0.32 <0.01

Acuity (median ESI) 0.25 0.19 to 0.32 <0.01

Asterisk (*) denotes interaction terms.  
Estimate of new patients per 
hour=(2.97+hourly adjustment)+(arrivals×(0.12+hourly adjustment))+(doctors 
working×−0.37)+(median acuity×0.25).
In the first hour of the shift, a physician working alone with five new patient 
arrivals and a median ESI score of 3 would see an estimate of: 2.97+(5×0.12)+(0×
−0.37)+(3×0.25)=4.32 patients.
In the fourth hour of the shift, a physician working alone with five new patient 
arrivals and a median ESI score of 3 would see an estimate of: (2.97+−1.61)+(5×(0.
12+−0.01))+(0×−0.37)+(3×0.25)=2.66 patients.
ESI, Emergency Severity Index.

Table 3 Model of attending physician new patients per hour and 
covariates at site 2

effect
estimated new 
patients per hour 95% CI P value

Hour 1 (intercept) 2.95 2.47 to 3.43 <0.01

Hour 2 −1.35 −1.71 to −0.99 <0.01

Hour 3 −1.62 −2.04 to −1.20 <0.01

Hour 4 −1.91 −2.37 to −1.44 <0.01

Hour 5 −2.07 −2.54 to −1.61 <0.01

Hour 6 −1.93 −2.40 to −1.49 <0.01

Hour 7 −2.12 −2.54 to −1.72 <0.01

Hour 8 −2.69 −3.03 to −2.34 <0.01

Arrivals 0.37 0.31 to 0.43 <0.01

Arrivals * hour 2 −0.01 −0.06 to 0.03 <0.01

Arrivals * hour 3 0.00 −0.01 to 0.09 <0.01

Arrivals * hour 4 0.01 −0.04 to 0.06 <0.01

Arrivals * hour 5 0.02 −0.05 to 0.09 <0.01

Arrivals * hour 6 −0.11 −0.19 to −0.04 <0.01

Arrivals * hour 7 −0.14 −0.22 to −0.07 <0.01

Arrivals * hour 8 −0.23 −0.29 to −0.17 <0.01

Each additional doctor 
working

−0.27 −0.34 to −0.21 <0.01

Acuity (median ESI) 0.12 0.05 to 0.20 <0.01

Asterisk (*) denotes interaction terms.  
Estimate of new patients per 
hour=(2.95+hourly adjustment)+(arrivals×(0.37+hourly adjustment))+(doctors 
working×−0.27)+(median acuity×0.25).
In the first hour of the shift, a physician working alone with five new patient 
arrivals and a median ESI score of 3 would see an estimate of: 2.95+(5×0.37)+(0×
−0.27)+(3×0.25)=5.55 patients.
In the fourth hour of the shift, a physician working alone with five new patient 
arrivals and a median ESI score of 3 would see an estimate of: (2.95+−1.91)+(5×(0.
37+0.01))+(0×−0.27)+(3×0.25)=3.69 patients.
ESI, Emergency Severity Index.
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study demonstrate more gradual declines in productivity after the 
first hours of their shifts than do residents. This may be due to the 
impact of further experience after residency, or necessity in the 
face of a busy ED. Accordingly, viewing physician productivity as 
a simple average of patients per hour relative to the total duration 
of the shift will tend to significantly underestimate a physician’s 
capacity to see new patients at the beginning of the shift, and over-
estimate a physician’s capacity at the end of a shift, illustrated in the 
substantial variations between individual shift hours (tables 1–3).

The most straightforward explanation for this decline in produc-
tivity over the course of the shift is mechanistic. At the beginning 
of a shift, an emergency physician is free to see as many patients 
as she wishes. However, unless a patient is ready for immediate 
discharge after a history and physical, the physician will need to 
order diagnostic testing or therapeutic measures, which may take 
a considerable amount of time to complete. While this workup 
is pending, the physician can see additional patients, but at some 
point the need to address incoming results for her existing patients 
will limit her ability to see new patients. The pattern of rela-
tively rapid accrual of new patients in the first hours of the shift, 
followed by a more gradual decline in the rate at which physicians 
see patients later in the shift, may reflect physicians continuing to 
work at a steady state. This burden may be further compounded 
by physical and cognitive fatigue, as emergency physicians’ shift 
schedules are often out of alignment with circadian rhythms.

Among the clinical sites that our study examined, there was 
considerable variability in the total number of patients that 

attending physicians saw during a shift. This likely reflects the 
availability of patients to be seen relative to the number of physi-
cians working at a time. Site 2, where physicians were most 
productive per shift, had the greatest daily volume of patients 
per physician. Similarly, physicians at sites 2 and 3, which had 
longer periods of single coverage, saw more substantial gains in 
productivity with the arrival of additional patients than at site 
1, where arrivals were more likely to be spread among a greater 
number of physicians. Conversely, the pronounced negative 
association between acuity and productivity at site 1 relative to 
the other sites may reflect the availability of other physicians—
when backup is available (or arriving imminently), a physician 
may be able to devote more time to acute patients.

It is important to note that physicians’ productivity exists 
within a wider context. Our study did not examine potential 
bottlenecks to patient availability, such as periods of increased 
crowding and decreased availability of inpatient beds, which 
could cause a substantial disconnect between patient arrivals 
and physicians’ ability to see them. Additionally, there exist 
additional dimensions to physician productivity, such as the 
time to make a diagnosis and decide a patient’s disposition, and 
the potentially additive effects of interruptions from managing 
multiple patients,23 which our study does not measure directly.

limitations
Our study was conducted at three American suburban community 
EDs that do not provide tertiary care and are not trauma centres. 
While the sites have separate groups of physicians, we cannot be 
certain that cultural effects did not influence productivity patterns. 
Similarly, although our productivity patterns were similar at all 
three sites, we cannot be certain that these patterns would persist at 
sites with much higher volumes or with different patterns of acuity. 
For example, sites with a lower proportion of acute patients might 
allow physicians to maintain a more consistent rate of throughput. 
Both of these factors impact the generalisability of our results. We 
did not include the number of patients seen by MLPs as an explicit 
covariate, as the majority of patients seen by MLPs at both site 1 
and site 3 are seen under physician supervision, but are not specifi-
cally evaluated by the physician. Our analysis did not compare the 
effects of differing times of day between shifts. Our analysis did not 
include hospital-level characteristics of efficiency or capacity, such 
as the time to be transported to an inpatient bed or nurse staffing 
ratios, although they have previously been identified as factors 
affecting ED throughput and crowding. We also did not examine 
sign-out burden or procedures as covariates.

COnClusIOns
Our study demonstrates that attending physicians see a decreasing 
number of new patients over the course of a shift, but remain respon-
sive to new patient arrivals until late in their shift. This suggests that 
physician shifts should be aligned to start near times of high volume 
to maximise physicians’ capacity to see new patients, and respon-
siveness to surges in volume, while physician shifts should be stag-
gered to avoid competing for the same pool of patients. The effects 
of individual productivity on overall throughput, patient safety and 
physician burnout remain open questions, towards which we hope 
our findings spur further investigation.
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