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We read with interest the article by Bartek and colleagues1

examining surgical case duration prediction. They claim
their “study is novel for its scope (using a large clinical
dataset spanning 4 years and >47,000 cases), practical
focus (limiting the data inputs for our models to only
those that are available preoperatively), and approach of
developing both service-specific and surgeon-specific
models.” We disagree that their study is novel for its
scope, focus, or approach. The authors neglected to
consider any of the multiple (>12) articles from the
past 15 years that incorporated the most widely used
Bayesian formulation for estimating operating room
times2-6 and to compare their method’s performance.
Bartek and colleagues1 refer to their method as “prac-

tical,” but from Figure 1, they excluded 28.1% of cases
(n ¼ 15,222/54,102) and limited cases to “scheduled sur-
geries performed on weekdays for adult patients.” In
contrast, the Bayesian method has been tested and imple-
mented at multiple hospitals for every case, elective or ur-
gent, pediatric or adult.2-6 That is feasible because the data
used are historical estimates from surgeon/scheduler, cur-
rent estimate from surgeon/scheduler, and historical dura-
tions by procedure. First, linear regression is used to
exclude systematic bias (eg deliberate underestimation of
case duration by schedulers) if present, by specialty. Sec-
ond, the method relies on the adjusted estimate from sur-
geon/scheduler as having incorporated Bartek’s multiple
covariates. The proportional variability is modeled using
historical data both by surgeon and procedure and by spe-
cialty. In 2013, we published a review article on its use for
comparing case durations among hospitals.4 Implementa-
tion can be in a spreadsheet (eg Excel worksheet) or in a
database table, updated annually.6
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Bartek and colleagues1 refer to 4 years of data as repre-
senting a novel “scope.” We used 3 years of data from
each of 3 hospitals to compare qualities of surgeon/sched-
ulers’ estimates.5 Whereas Bartek and colleagues used
38,800 cases, from Table 1 of reference 5, there were
much larger numbers: 65,661, 72,279, and 159,778
cases, respectively. Therefore, the “scope” of Bartek and
colleagues’ study was not “novel.”
Unlike Bartek and colleagues’ approach, the Bayesian

method can be used to estimate accurately the longest
time cases will take (90th percentile) and the mean time
remaining in ongoing cases.2,3 The longest expected time
helps to decide whether to perform a case between 2 previ-
ously scheduled cases without delaying the start of the orig-
inal to-follow case. Also, appropriate gaps can be created
between different surgeons’ cases in the same operating
room to reduce tardiness of start times, increasing the to-
follow surgeon’s productivity.6 The longest case times are
also useful to help provide price transparency to patients
and insurers.4 When an ongoing case is taking longer
than originally estimated, the expected value (ie mean)
time remaining, recalculated as needed, is the statistic use-
ful for making decisions about moving a to-follow case to
another room, and/or assigning add-on cases to the
room.3 We think that the method described in Bartek
and colleagues’ article does not address any of these issues,
therefore substantively limiting its practicality.1
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We thank Drs Dexter and Epstein for their response to our
article titled, “Improving operating room efficiency: a ma-
chine learning approach to predict case-time duration.”1

We appreciate and recognize their numerous contributions
to the literature on applying Bayesian methods to predict
case duration. However, we would encourage the authors
to have a more nuanced dialogue on how our different ap-
proaches, methods, and results can enhance operating
room managementdrather than a broad criticism.
DrsDexter and Epstein criticize the novelty of our scope,

approach, and practicality. Simply put: their previous work
seeks to adjust surgeon estimates; our methods involve the
prediction of case-time estimates completely independent
of surgeon input. Philosophically, these are divergent ideas:
if the case-time duration can be accurately predicted, as per
our approach, we can rely less on the surgeon-as-an-
estimator and more on the integration of robust data to
improve models. Given the current advances in data acces-
sibility and management, our approach is especially timely
and applicable to any operating room.
We will address their criticisms in 3 points. First, we
use a more comprehensive dataset as compared with their
studies. A key aspect is that we included a variety of pre-
operative patient factors into our model to account for
what Dexter and Epstein have termed “process vari-
ability.”2,3 While Dexter and Epstein cite previous studies
using larger case volumes, the data available in their
studies included only the procedure type, surgeon, and
case-time, without considering patient data. Further,
they considered it a limitation that we restricted our cases
to only those performed in the operating rooms (ie not in
the radiology or cardiology suites) and weekday cases (ie
not after-hour or emergency cases). The exclusion of these
cases was deliberate and was designed with an operating
room manager in mind. In fact, their work seems to
have taken the same approach.3 Therefore, we defend
our claim of using a novel dataset and scope.
Second, we applied multiple, modern machine learning

algorithms to predict case duration and selected the best
performing algorithm to build our final set of models.
On the contrary, Dexter and Epstein have applied a
Bayesian method to estimate case time durations. Tradi-
tional statistical methods are unable to derive patterns
from large datasets. Dr Dexter’s website bibliography lists
2 other papers that have used approaches similar to ours,
both of which were published recently and neither of
which included case volumes that approached that of
our dataset.4-6 Therefore, we defend our statement that
ours was a novel approach.
Third, we have kept a keen focus throughout our work

on implementation. We acknowledge that our machine
learning models did not include predictions for longest
expected time, anticipated gaps, or expected time remain-
ing. However, these are certainly achievable with a ma-
chine learning approach combined with a robust
dataset. We believe that our approach serves a different
objective than that of Drs Dexter and Epstein. Our goal
was to accurately predict case-time durations based on
preoperative patient procedure and personnel data to
optimize surgical scheduling. For that reason, and unlike
several previous studies, we excluded any procedural data
that were exclusively available intraoperatively or postop-
eratively, such as CPT codes. We designed both service-
specific models and surgeon-specific models to generate
predictions that govern the majority of cases in a hospital.
We have already begun piloting a tool to improve the
case-time estimates at our institution that relies both on
accurate and appropriate data collection and on the
machine learning models to interpret those data.
We intend for this work to be an early stepping-stone

to realizing the dual potential of modern electronic
medical records and modern “big data” computational
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