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BACKGROUND: Accurate estimation of operative case-time duration is critical for optimizing operating room
use. Current estimates are inaccurate and earlier models include data not available at the time
of scheduling. Our objective was to develop statistical models in a large retrospective data set
to improve estimation of case-time duration relative to current standards.

STUDY DESIGN: We developed models to predict case-time duration using linear regression and supervised
machine learning. For each of these models, we generated an all-inclusive model, service-
specific models, and surgeon-specific models. In the latter 2 approaches, individual models
were created for each surgical service and surgeon, respectively. Our data set included 46,986
scheduled operations performed at a large academic medical center from January 2014 to
December 2017, with 80% used for training and 20% for model testing/validation. Pre-
dictions derived from each model were compared with our institutional standard of using
average historic procedure times and surgeon estimates. Models were evaluated based on
accuracy, overage (case duration > predicted þ 10%), underage (case duration < predicted e
10%), and the predictive capability of being within a 10% tolerance threshold.

RESULTS: The machine learning algorithm resulted in the highest predictive capability. The surgeon-
specific model was superior to the service-specific model, with higher accuracy, lower per-
centage of overage and underage, and higher percentage of cases within the 10% threshold.
The ability to predict cases within 10% improved from 32% using our institutional standard
to 39% with the machine learning surgeon-specific model.

CONCLUSIONS: Our study is a notable advancement toward statistical modeling of case-time duration across
all surgical departments in a large tertiary medical center. Machine learning approaches can
improve case duration estimations, enabling improved operating room scheduling, efficiency,
and reduced costs. (J Am Coll Surg 2019;229:346e354. � 2019 Published by Elsevier Inc.
on behalf of the American College of Surgeons.)
The operating room (OR) is among the highest hospital
revenue generators and accounts for as much as 42% of
a hospital’s revenue.1,2 On the other hand, it also accounts
for a high cost of use, estimated at $36 per minute.1,2
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Therefore, optimizing OR use is vital for delivering effi-
cient and cost-effective care. A key first step toward sched-
uling surgical procedures is estimating their duration.
Accurate estimation enables optimal case scheduling,
Presented at the American College of Surgeons 104th Annual Clinical
Congress, Scientific Forum, Boston, MA, October 2018, and the Washing-
ton/Oregon Surgical Society Annual Meeting, Sunriver, OR, June 2019.

Received December 9, 2018; Accepted May 30, 2019.

From the Departments of General Surgery (Bartek) and Anesthesiology and
Pain Medicine (Saxena, Solomon, Fong, Lang, Nair), University of Wash-
ington, Seattle, and Perimatics LLC, Bellevue (Behara, Venigandla, Velaga-
pudi), WA.

Correspondence address: Matthew A Bartek, MD, MPH, 3424 Meridian
Ave N, Apt 10, Seattle, WA 98103. email: bartek@uw.edu

https://doi.org/10.1016/j.jamcollsurg.2019.05.029

ISSN 1072-7515/19

mailto:bartek@uw.edu
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jamcollsurg.2019.05.029&domain=pdf
https://doi.org/10.1016/j.jamcollsurg.2019.05.029


Abbreviations and Acronyms

EMR ¼ electronic medical record
ML ¼ machine learning
OR ¼ operating room
XGBoost ¼ Extreme Gradient Boosting
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appropriate allocation of resources (equipment,
personnel, and facilities), and creation of efficient patient
flows.3 Inaccurate case-time duration estimates can result
in overagedwhen cases last longer than anticipated
beyond a set tolerance threshold, or underagedwhen
cases last shorter than anticipated beyond that same toler-
ance threshold. Moreover, inefficient ORs and delays
reduce staff morale and patient satisfaction.4

Surgical scheduling has long relied on projected case-
time durations submitted by surgeons themselves.
However, multiple studies have demonstrated the limited
accuracy of surgeon estimates.5-8 Incentives can drive
underestimates in case duration to maximize block sched-
uling, at the potential cost of staff overtime and potential
cancellations. Certain operations, such as those for onco-
logic resection, have higher uncertainty, and intraopera-
tive findings can strongly influence case-time duration.
In addition, there are multiple patient, anesthetic, and
system factors that might not be considered in the surgeon
estimation.9,10 Alternatively, in many electronic medical
record (EMR) scheduling systems, historic averages of
case-time durations for a specific surgeon have also been
used, though these too have been shown to lack the
required accuracy due to variations in the preoperative
data available on the case that is being performed.11-13

Estimating case-time duration at our institution is
currently based on 2 parameters: the surgeon and the pri-
mary procedure. The EMR scheduling system takes the
primary procedure to be scheduled and generates the
average of the case times for the previous 10 procedures
performed by the surgeon. However, the surgery sched-
uler often overrides this calculation, and replaces it with
the primary surgeon’s estimation of the case duration.
From interviews with surgeons and schedulers, this prac-
tice occurs because the EMR system calculation is
perceived as overly simplistic and does not account for
other variables. Namely, the primary surgeon has more
experience and knowledge of the specific patient, opera-
tion, and case complexity. As a result, the surgeon’s esti-
mate of case-time duration represents the current
standard.
Earlier studies have sought to improve on estimated

case-time duration, though no single approach has gained
wide acceptance.4,11,14e21 Statistical regression models have
been used to predict case-time duration and assess the
relative importance of input variables.11,22 For example,
Edelman and colleagues23 were able to reduce the varia-
tion in total procedure time predictions in elective
ophthalmology cases by 25% with a linear regression
model that used surgeons’ presurgical estimates, as well
as the type of operation, type of anesthesia, American
Society of Anesthesiologists class, and patient age. Master
and colleagues11 compared multiple machine learning
(ML) techniques, including decision tree regression,
random forest regression, and gradient boosted regression
trees, as well as hybrid combinations, to predict case
durations. However, the models were trained on only
10 operations within a single specialty, limiting their
generalizability.23

The majority of studies aimed at improving surgical
case-time estimates have focused on a single subspecialty,
which provides limited utility for a clinical administrator
managing the entire set of OR suites. In addition, many
of the models did not restrict the model inputs to preop-
eratively available information only, potentially leading to
lower accuracy in a prospective implementation.
We sought to improve the accuracy of case-time dura-

tion estimates using data available preoperatively.
Recently, the use of “big data” and modern data science
methods, such as ML have gained increasing attention
for their ability to predict perioperative events and aid
in clinical decisions.24,25 Estimating case duration is
particularly well suited for ML approaches, given that
the data sets are large, well annotated, and potentially cap-
ture the numerous factors that can influence case-time
duration. We developed linear regression and ML models
to predict OR case-time duration. The predictions from
these models and from surgeon estimates (an institutional
standard) were compared retrospectively with actual case
times. We hypothesized that both linear regression and
ML models would provide more accurate case-time dura-
tion predictions than our current standards of EMR-
derived historic averages and surgeon estimates.
METHODS

Definitions and model context

In all of the models created, we sought to optimize the
case-time duration of an operation and compared the pre-
dicted values from the model with the actual values in a
testing data set. Case-time duration was defined as the to-
tal minutes from patient entry into the OR to room exit
(“wheels in to wheels out”). This duration was selected
due to its importance in OR scheduling and use, as
opposed to selecting “surgical case time” or “anesthesia
case time.” Due to the lack of a standard in the literature



348 Bartek et al Efficient Operating Room and Machine Learning J Am Coll Surg
and that our average institutional case duration is longer
than 2 hours, we defined a priori a 10% clinical tolerance
threshold by which to classify cases relative to the predic-
tion model performance. Therefore, “overage” cases were
those where the actual case-time duration exceeded the
predicted time by a >10% tolerance threshold. Similarly,
cases were categorized as “underage” when the actual case-
time duration was less than the prediction with a 10%
tolerance threshold. “Within” cases were categorized
when the actual case-time duration fell within 10% of
the predicted value. For short duration procedures where
predicted time was fewer than 100 minutes and the 10%
tolerance was therefore fewer than 10 minutes, the
threshold was used as 10 minutes. These categorizations
provided a practical method to evaluate the clinical rele-
vance of a model prediction.
The University of Washington Medical Center is a ma-

jor tertiary care center with more than 30 ORs and 450
patient beds. The hospital serves the Greater Seattle area
and has a wide catchment region, including 5 states.
The case complexity and average case-time duration are
high. During the year 2017, the mean case-time duration
at University of Washington Medical Center was 3 hours
and 13 minutes in 14,345 cases. Our institutional stan-
dard system for predicting case-time duration starts with
an EMR-derived historic average based on a specific sur-
geon performing a specific operation. Surgeons can then
override this historic average with their own estimates,
and do so two-thirds of the time.

Data sources

After obtaining IRB approval (study 00005331), we used
a perioperative EMR database to obtain OR metrics as
well as patient information to develop our predictive
models. Notably, several personnel and procedure vari-
ables are not available preoperatively. These include anes-
thesiologist, anesthetic plan, nursing staff, billing CPT
codes, and intraoperative events. Although model perfor-
mance can be enhanced with these data, they would not
be relevant in prospective implementation. Therefore,
we only used variables that were available preoperatively
in model development. Data from 12 surgical service lines
was included in the data set, including General, Cardiac,
Thoracic, Vascular, Transplantation, Neurosurgery, Plas-
tic, Orthopaedic, Gynecology, Urology, Otolaryngology,
and Oral-Maxillofacial Surgery. Secure and de-identified
preoperative data for model development were provided
by the Center for Perioperative and Pain Initiatives in
Quality Safety Outcome at the University of Washington.
The model-building approach and inclusion and exclu-

sion criteria are shown in Figure 1. The starting data set
was composed of preoperative data for 4 years from
January 2014 to December 2017 that included scheduled
operations performed on weekdays for adult patients
(aged 18 years and older). Procedures performed at off-
site locations, such as the endoscopy suite and radiology
or cardiology procedure rooms, were not included. Oper-
ations with key missing data were excluded, as shown in
Figure 1. This resulted in a data set of 38,880 procedures
that was used for model development and validation. The
data were randomly divided into a training data set
(31,026 cases; 80% of data) for model development and
a testing data set (7,854 cases; 20% of all the data) to
confirm model performance. The EMR and surgeon esti-
mates were also evaluated on the same testing data set to
ensure uniform comparison across all models. Preopera-
tive patient, procedure, and personnel data parameters
used in the models are categorized in Table 1. A full list
of predictor variable inputs derived from the preoperative
data is outlined in eTable 1.

Model development

A total of 6 models were created and compared with our
earlier institutional standard system. We created linear
regression and supervised ML models using the Extreme
Gradient Boosting (XGBoost) algorithm
(see eDocument 1).26 The XGBoost was chosen because
of its overall popularity within the data science community
and through our own testing of severalML algorithms dur-
ing model development (see eTable 2). The ML models
developed were non-parametric ensemble models that
combine multiple predictive techniques to produce the
strongest predictive power without overfitting the data.
In our initial development and testing, the XGBoost
model yielded better predictions of case duration than
random forest. Although both models are decision tree-
based, we chose to use the XGBoost model because it
was more computationally efficient and therefore better
suited for wider, more real-time implementation. Model
development was performed in R: A Language and Envi-
ronment for Statistical Computing software.
We used 2 approaches to develop the final prognostic

models. First, we generated surgical service-specific
models, where each model included features based on in-
formation about patients, surgeons, and procedures as
data inputs. Different models were developed for each
of the 12 surgical service lines. Second, we generated a se-
ries of surgeon-specific models in which surgeons, rather
than surgical specialty, were modeled individually. Only
surgeons who performed �100 procedures in the training
data set were selected for surgeon-specific models, and this
selection was then applied to the inputs for the service-
specific models to avoid a selection bias when comparing
these approaches. Therefore, a total of 12 service-specific



Figure 1. Training and testing data sets. The data set used for the testing and training of
statistical models. The inclusion criteria were: weekday cases between January 1, 2014, and
December 31, 2017, adult patients (aged older than 18 years), and procedure performed in
main operating rooms. The machine learning and linear regression models were developed on
the training data set and validated on the testing data set. The performance of the current
methods of surgeon scheduler and electronic medical record estimations was assessed on the
testing data set (n ¼ 7,854) to enable comparison with the proposed models.
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models corresponding to each surgical specialty and 93
surgeon-specific models for surgeons that met the mini-
mum procedure count threshold were developed.
Table 1. Preoperative Data Parameters Used for Predictive
Models

Parameter

Patient factor

Age

Sex

BMI

Patient admit class (inpatient/outpatient)

Preoperative diagnosis (ICD code)

Medical history condition

Procedure factor

Primary procedure

Primary procedure category

First/second/third/fourth/fifth subprocedure

Operative modifier, eg robot, revision, laser, laparoscopic

Personnel factor

Surgeon unique identifier

Historic primary procedure duration (at a surgeon level)

Historic subprocedure duration (at a surgeon level)

Perioperative data used for model development classified by relationship to
patient, procedure, or personnel.
The model development followed a standard data sci-
ence approach.24 Categorical variables were converted
into a binary representation for each category
(“dummies”). For the linear regression models, given
the right skewed distribution of all case-time durations,
we applied a log transformation to the dependent variable
(ie case-time duration). The selection of predictor vari-
ables for model development was based on those variables
that passed the multicollinearity test (variance inflation
factor <2.0). We then used both forward and backward
stepwise regression to select independent variables to be
included in the final models to optimize a given model’s
Akaike information criterion. We used a threshold p value
of 0.05 for inclusion into the final linear model. For the
non-parametric models, all features were used and the al-
gorithm itself determined which remained in the models.
All model parameters were determined based on the
training data set.

Model evaluation

Models were used to predict case-time duration for pro-
cedures in the testing data set (20% of original) and the
predictions were compared against the actual case-time
duration. The 93 surgeon-specific models were analyzed
as a single composite surgeon-specific model, as were
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the 12 service-line models as a composite service-specific
model. Additionally, we also compared the model predic-
tions against our institutional standards, the surgeon, and
EMR estimations. The key metrics to measure model per-
formance included the following: prediction accuracy: 1
minus mean absolute percent error, where mean absolute
percent error is the mean absolute percent error; percent-
age overage: percentage of procedures that had overage;
percentage underage: percentage of procedures that had
underage; and percentage within: percentage number of
cases with actual case-time duration within 10% of pre-
diction (desired target metric).
All 6 models, differentiated by model type (linear or

XGBoost) and approach type (all-inclusive, surgical
service-specific, or surgeon-specific) were compared. For
the service-specific and surgeon-specific models, the
case-time duration for each operation was predicted using
the corresponding service-specific or surgeon-specific
model and these predictions were analyzed together.
Specifically, the range and distribution of model

accuracies as well as the distribution of prediction error
were determined to gain further insights into model
performance.

RESULTS
Historic averages with surgeon estimate overrides accu-
rately predicted case-time duration within a 10% toler-
ance threshold in 31% of cases, that is, 31% were
“within,” 42% of cases were overage cases (predictions
underestimated the duration), and 27% of cases were
underage cases (predictions overestimated the duration).
The performance comparison of the proposed models
and this institutional standard are summarized in
Table 2. Among the 3 types of models, the XGBoost
models had the most predictive capability, with the linear
model having the least. The surgeon-specific model (com-
posite of 93 individual models) performed better than the
service-specific one (composite of 12 service-specific
models), and the all-inclusive model had higher accuracy,
lower percentage overage and percentage underage, and
higher percentage within values. Figure 2 shows histo-
grams of the distribution in prediction error for the sur-
geon, EMR estimation, service-specific model, and
surgeon-specific model, further illustrating the highest
performance of the surgeon-specific models.
The most accurate surgeon-specific model, via

XGBoost, could predict 50% of cases accurately with a
10% tolerance threshold. The least accurate models
were no worse than the surgeon predictions. Despite sur-
geons overriding the EMR computerized estimates in
66% of casesdwith the majority reducing the estimate
case durationdprediction accuracy within 10% was
only marginally better (32% vs 30%). Both estimation
techniques had less predictive power relative to the
XGBoost surgeon-specific results.
Predictor variables were weighted based on their per-

centage frequency in surgeon-specific models multiplied
by the information gain when including that variable
into the model. Features related to the surgeon accounted
for 43% gain, those related to the procedure type
accounted for 37% gain, and those related to the patient
accounted for 15% gain in the surgeon-specific models.
The list of features is presented in Table 3, including
the categorization of the feature mentioned earlier. The
majority of the information used in the models was based
on procedure and personnel data. The 4 variables with
highest gain included the average case time over the earlier
10 instances for a given procedure, as well as a given sub-
procedure; and for a given procedure performed by a
given surgeon, as well as a given sub-procedure performed
by a given surgeon. Whether or not a patient was sched-
uled as an outpatient or inpatient was the fifth most
important feature. Overall, patient health metrics had a
much smaller role compared with personnel or procedure
factors in predicting case duration.

DISCUSSION
Accurate estimation of surgical case-time duration is crit-
ical to effective block use, staffing, and cost reduction. We
used multiple modeling approaches to compare case-time
duration predictions across surgical departments and
improve on our current standard of historic averages
and surgeon estimation. The study is novel for its scope
(using a large clinical data set spanning 4 years and
>47,000 cases), practical focus (limiting the data inputs
for our models to only those that are available preopera-
tively), and approach of developing both service-specific
and surgeon-specific models.
The surgeon-specific ML models provided superior

predictions compared with service-specific ML models.
In our development of service-specific models, the pri-
mary surgeon was the largest contributor to variability
in the model. This gave the impetus for developing
surgeon-specific models to improve prediction accuracy.
This finding builds on earlier work in the literature.
Master and colleagues11 improved predictions compared
with surgeons’ predictions and historic averages, and
found that of all input variables, the primary surgeon
was the most impactful to decreasing variation in the
model. Similarly, Strum and colleagues17 showed that
compared with patient factors and intraoperative vari-
ables, such as the anesthesiology team, type of anesthesia,



Table 2. Predicted Case-Time Duration and Outcomes for All Models

Model R2, % MAPE, % Accuracy, %, mean � SD Overage,* % Underage,y % Within,z %
Surgeon (n ¼ 7,854) d 25 75 � 27 39 29 32

Average of last 10 procedures
(EMR default) (n ¼ 7,854)

d 30 70 � 42 30 40 30

All-inclusive model

Linear (n ¼ 7,854) 49 45 55 35 46 20

XGBoost (n ¼ 7,854) 74 28 22 36 33 31

Service-specific model

Linear (n ¼ 7,854) 55 39 61 � 51 33 44 23

XGBoost (n ¼ 7,854) 77 27 73 � 34 39 29 32

Surgeon-specific model

Linear (n ¼ 7,854) 57 36 64 � 45 33 41 26

XGBoost (n ¼ 7,854) 85 26 74 � 35 34 27 39

The first 2 rows illustrate the results for the standard EMR historic average estimates and surgeon override estimates. The remaining rows indicate the linear
regression and machine learning results. The SD denotes the distribution of individual model accuracies for service-specific and surgeon-specific ensembles.
The “all-inclusive” models did not have associated SD because there was only one model used with this approach.
*Percent of cases with actual case-time duration > predicted þ 10% tolerance threshold.
yPercent of cases with actual case-time duration < predicted e 10% tolerance threshold.
zPercent of cases with actual case-time duration within � 10% tolerance threshold.
EMR, electronic medical record; MAPE, mean absolute percentage error; XGBoost, Extreme Gradient Boosting.

Figure 2. Distribution of prediction error in testing data set. (A) The error distributions of the predictions by the surgeon scheduler (blue),
(B) Extreme Gradient Boosting (XGBoost) surgeon-specific model (composite of the 92 individual models; red), (C) the electronic medical
record (EMR) estimate using the earlier 10 surgeon-primary procedures (gold), and (D) XGBoost service-specific (composite of the 12
service models; purple). The 0 bin reflects e10% to 0%. Positive error represents underestimation and negative error represents
overestimation. The red box denotes the e10% to 10% tolerance threshold for within cases. The surgeon-specific model had the best
predictions within 10% as illustrated by the highest frequency within 10% and narrower distribution. The surgeon scheduler tends to
underestimate and the EMR average tends to overestimate the case duration. The service-specific model has similar performance with
less underestimation.
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Table 3. Main Features Used by Surgeon-Specific Machine Learning Models (n ¼ 93) to Predict Case-Time Duration

Description Weighted feature gain, %*
Feature
category

Average case-time duration of latest 10 operations at procedure level 25.1 Procedure

Average case-time duration of latest 10 operations at surgeon and procedure level 23.6 Surgeon

Average case-time duration of latest 10 operations at first sub-procedure level 11.3 Procedure

Average case-time duration of latest 10 operations at surgeon and first sub-procedure level 9.1 Surgeon

Inpatient class 5.4 Patient

Average case-time duration of latest 10 operations at surgeon level 3.1 Surgeon

Age of the patient 3.0 Patient

BMI 2.8 Patient

No. of sub-procedures 2.4 Procedure

Average case-time duration of latest 10 operations at second sub-procedure level 1.8 Procedure

No. of preoperative problems patient’s medical history 1.2 Patient

Average case-time duration of latest 10 operations at third sub-procedure level 1.0 Procedure

Average case-time duration of latest 10 operations at surgeon and second sub-procedure level 0.9 Surgeon

No. of admission ICD codes 0.9 Patient

Robotic procedure 0.7 Procedure

ICD: neoplasm 0.5 Patient

Laparoscopic procedure 0.3 Procedure

ICD: disease of the circulatory system 0.1 Patient

Procedure using laser 0.1 Procedure

Male sex 0.1 Patient

ICD: disease of the digestive system 0.1 Patient

Medical history: cancer 0.1 Patient

ICD: disease of the nervous system 0.1 Patient

Medical history: arrhythmia 0.1 Patient

Medical history: endocrine (diabetes) 0.1 Patient

Medical history: smoking history 0.1 Patient

Medical history: coagulopathy 0.1 Patient

ICD: disease of the musculoskeletal system and connective tissue 0.1 Patient

ICD: pregnancy, childbirth, and the puerperium 0.1 Patient

To determine the most impactful features overall, the weighted importance was calculated by multiplying the percentage gain of each feature by their
percentage frequency of occurrence in the models. The relative contributions of procedure, surgeon and patient specific features on model predictions are
shown in the first row.
*Weighted feature gain is an output of the Extreme Gradient Boosting algorithm.
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and procedure code, surgeons are the most important
source of variability in case-time duration predictions.
Non-ML, linear regression models performed poorly

and were inferior to the surgeon and EMR estimations.
We suspect this is because case estimation is not a linear
problem and the assumptions concerning data character-
istics for linear model development might not be valid.
Surgeons tended to systematically underestimate the
case duration, as seen in Figure 2. This underestimation
results in overage and is particularly problematic for
long cases. On the other hand, the surgeon-specific
models produced tighter estimates closer to the desired
�10% range, with fewer overage and underage cases
compared with the surgeons. However, not all surgeon-
specific models are equally accurate.
Despite surgeons overriding the EMR historic average es-
timate for two-thirds of scheduled cases, their ability to pre-
dict case durationwithin 10%was essentially the same, 32%
for surgeon vs 30% for EMR. This suggests that despite the
additional knowledge that surgeons have concerning their
cases, it is not easy to heuristically translate this information
to more accurate predictions. When evaluating the most
important features in the XGBoost surgeon-specificmodels,
the top 4 features as shown in Table 3 are variations of the
average case-time durations of the primary surgeon, the pri-
mary procedure, and the first subprocedure. This helps
explain why the EMR estimation technique of averaging
surgeon-specific case durations has worked reasonably
well. Themajority of information used for modeling derives
from this fundamental case information.
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We used preoperative data to estimate surgical times.
However, other investigators have attempted to create
real-time models of surgical case-time duration.19 In cases
where an unexpected bleed is encountered, it can be cata-
logued by the surgical staff and an “updated” time esti-
mate could be generated. There can be opportunities to
build on our current models by incorporating real-time
changes into a model.
There are multiple limitations in our study. Our ML

models were developed at one institution, which is a referral
center with high-acuity patients; important determinants
of case-time duration can differ at community centers
and other hospital settings. Although the models can
improve estimation of case duration, this does not neces-
sarily mean that OR use on the whole will improve. Both
the clustering and the amount of time gained by improved
estimation affects the ability to add revenue-generating ac-
tivities, such as scheduling additional cases or reducing
costs, such as overtime staffing. Modeling the economic
ramifications of our ML models is a nuanced endeavor
with multiple considerations. To this end, each of the pre-
diction models had a small peak of 4%e5% of cases in the
90% prediction error bracket (as seen in Fig. 2), which
could affect scheduling significantly. Nonetheless, given
that this proportion was comparatively equal among all
of the modeling techniques, we believe this limitation
does not substantially distinguish between model types.
Lastly, there is notable variation between surgeon-specific
model accuracies. We suspect this might be due to the
fact that even in a large data set, there might be few individ-
ual surgeon-procedure combinations. The different pro-
cedures and human factors introduce a large amount of
uncertainty. Institutions with more standardized cases
might see even higher benefits of an ML approach. Future
work includes a detailed analysis of what factors contribute
to some surgeon-specific models having higher accuracy
than others.
CONCLUSIONS
The XGBoost ML surgeon-specific models had superior re-
sults compared with linear regression, and current standards
of case-time duration estimation, including an historic
average by procedure type and surgeon and estimates pro-
vides by surgeons themselves. With the XGBoost surgeon-
specific models, the ability to predict cases within the 10%
tolerance threshold was improved in the testing data set
from 32% by the surgeon to 39%. The performance of
the top-performing individual surgeon models suggests
that some individual surgeons might see predictions as
high as 50% of cases falling within 10%. This is a significant
improvement on current standards of estimation.
Our study is a notable advancement toward statistical
modeling of case-time duration across all surgical depart-
ments. We demonstrate the advantages of developing
XGBoost ML models individualized per surgeon, and
the potential efficiency improvements that can be
achieved with this approach in a tertiary hospital. Our
work suggests that ML models tailored to individual sur-
geons can help improve the management and scheduling
of the OR.
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eDocument 1.
A Brief Explanation of Extreme Gradient Boosting

Traditional methods of modeling have relied on
creating assumptions about the relationships between
explanatory variables and dependent variables. For
example, one key criterion for applying linear regres-
sion is that the relationship between predictors and
the dependent variable is linear at all values of the
variables. Broadly speaking, ML techniques have
been used to “learn” the relationship between explan-
atory variables and dependent variables, without
applying these a priori assumptions.
eTable 1. Predictor Variable Dictionary Used by the Predictive

Predictor variable, admission
ICD_count De

ICD_1 1 Certain infectious and parasit

ICD_2 2 Neoplasm

ICD_3 3 Endocrine, nutritional, and m

ICD_4 4 Mental and behavioral disorde

ICD_5 5 Disease of the nervous system

ICD_6 6 Disease of the circulatory syst

ICD_7 7 Disease of the respiratory syst

ICD_8 8 Disease of the digestive system

ICD_9 9 Disease of the skin and subcu

ICD_10 10 Disease of the musculoskelet

ICD_11 11 Disease of the genitourinary

ICD_12 12 Pregnancy, childbirth, and th

ICD_13 13 Certain conditions originatin

ICD_14 14 Congenital malformation, de

ICD_15 15 Symptom, sign, and abnorm

ICD_16 16 Injury, poisoning, and certai

ICD_17 17 Code for special purpose

ICD_18 18 External cause of morbidity

ICD_19 19 Factor influencing health sta

ICD_20 20 Disease of the blood and blo
mechanism

ICD_21 21 Disease of the eye and adnex

ICD_22 22 Disease of the ear and masto

SurgnPTAvg Average OR duration of latest 1

PTAvg Average OR duration of latest 1

SurgnAvg Average OR duration of latest 1

SPID1Average Average OR duration of latest 1

SPID2Average Average OR duration of latest 1

SPID3Average Average OR duration of latest 1

SPID4Average Average OR duration of latest 1

SPID5Average Average OR duration of latest 1

SurSPID1Average Average OR duration of latest 1

SurSPID2Average Average OR duration of latest 1
Extreme Gradient Boosting, the ML algorithm used in
this study, is used for supervised learning problems like
this one, where there is a training data set that includes
values for both explanatory variables and the dependent
variablesdin this case, case-time duration. This algorithm
balances the “training loss”dthat is, how well the
model fits the training datadwith the complexity of the
modeldwhich can assess the degree of overfitting.
Extreme Gradient Boosting has been used in a variety
of competitions and has been shown to perform well
among the variety of ML algorithms available. For more
detailed information, see Chen and Guestrin.26
Models

scription, no. of admission ICD code

ic disease

etabolic disease

r

em

em

taneous tissue

al system and connective tissue

system

e puerperium

g in the perinatal period

formation, and chromosomal abnormality

al clinical and laboratory finding, not elsewhere classified

n other consequence of external cause

and mortality

tus and contact with health service

od-forming organ and certain disorder involving the immune

a

id process

0 operations at surgeon and procedure level

0 operations at procedure level

0 operations at surgeon level

0 operations at first subprocedure level

0 operations at second subprocedure level

0 operations at third subprocedure level

0 operations at fourth subprocedure level

0 operations at fifth subprocedure level

0 operations at surgeon, SubProcID1 level

0 operations at surgeon, SubProcID2 level

(Continued)



eTable 1. Continued

Predictor variable, admission
ICD_count Description, no. of admission ICD code

SurSPID3Average Average OR duration of latest 10 operations at surgeon, SubProcID3 level

SurSPID4Average Average OR duration of latest 10 operations at surgeon, SubProcID4 level

SurSPID5Average Average OR duration of latest 10 operations at surgeon, SubProcID5 level

SPID_Count No. of sub-procedures

flag_PatientClassIn Patient class ¼ "inpatient"

Age Age of the patient

BMI Body mass index

flag_SexMale Sex¼"Male"

PreOperProb_Count No. of preoperative problems in medical history

POP_PULMONARYISSUES Preoperative problem¼pulmonary issues

POP_AIRWAYMANAGEMENT Preoperative problem¼airway management

POP_HYPERTENSION Preoperative problem¼hypertension

POP_CORONARYDISEASE Preoperative problem¼coronary disease

POP_HEARTFAILURE Preoperative problem¼heart failure

POP_VALVEDISEASE Preoperative problem¼valve disease

POP_ARRHYTHMIA Preoperative problem¼arrhythmia

POP_CRMD Preoperative problem¼cardiac rhythm management device

POP_PVD Preoperative problem¼peripheral vascular disease

POP_RENALDYSFUNCTION Preoperative problem¼renal dysfunction

POP_DIABETES Preoperative problem¼diabetes

POP_INSULINPUMP Preoperative problem¼insulin pump

POP_ENDOCRINE Preoperative problem¼endocrine

POP_CANCER Preoperative problem¼cancer

POP_OBESITY Preoperative problem¼obesity

POP_MORBIDOBESITY Preoperative problem¼morbid obesity

POP_HEPATIC Preoperative problem¼hepatic

POP_GERD Preoperative problem¼GERD

POP_IIP Preoperative problem¼increased intracranial pressure

POP_DEVELOPMENTALDELAY Preoperative problem¼developmental delay

POP_NLD Preoperative problem¼neurological disorder

POP_NMD Preoperative problem¼neuromuscular disorder

POP_MSD Preoperative problem¼musculoskeletal disorder

POP_COAGULOPATHY Preoperative problem¼coagulopathy

POP_VASCULARACCESS Preoperative problem¼vascular access

POP_SMOKINGHISTORY Preoperative problem¼smoking history

POP_IVDA Preoperative problem¼IVDA

POP_ETOHABUSE Preoperative problem¼EtOH abuse

ProcType_REVISION Procedure contains the word revision

ProcType_REDO Procedure contains the word redo

ProcType_LASER Procedure contains the word laser

ProcType_ROBOT Procedure contains the word robot

ProcType_LAPAROSCOPIC Procedure contains the word laparoscopic

GERD, gastroesophageal reflux disease; IVDA, IV drug abuse; OR, operating room.
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eTable 2. Comparison of Machine Learning Approaches

Machine learning technique R2, % Accuracy,* % Overage, % Underage, % Within, %

XGBoost 82 73 36 33 31

Random forest 95 70 29 41 30

CART 64 64 30 46 24

Artificial neural network 0 18 33 56 11

Before choosing XGBoost as the machine learning algorithm, we tested several other machine-learning algorithms and model approaches, including random
forest, CART, and artificial neural networks. Models were all made using the “all-inclusive” approach, whereby the model was created to predict case-time
duration and individual surgeons as well as service lines were represented by independent variables. The accuracy and “within” metric were both best with
XGBoost as noted.
*Accuracy was defined as 1 e mean absolute percent error.
CART, Classification and Regression Trees; XGBoost, Extreme Gradient Boosting.
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