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Abstract

Robot-assisted surgery (RAS) requires a large capital investment by healthcare organizations. The cost of a robotic unit is fixed, so
institutions must maximize use of each unit by utilizing all available operating room block time. One way to increase utilization is
to accurately predict case durations. In this study, we sought to use machine learning to develop an accurate predictive model for
RAS case duration. We analyzed a random sample of robotic cases at our institution from January 2014 to June 2017. We
compared the machine learning models to the baseline model, which is the scheduled case duration (determined by previous case
duration averages and surgeon adjustments). Specifically, we used: 1) multivariable linear regression, 2) ridge regression, 3) lasso
regression, 4) random forest, 5) boosted regression tree, and 6) neural network. We found that all machine learning models
decreased the average root-mean-squared error (RMSE) as compared to the baseline model. The average RMSE was lowest with
the boosted regression tree (80.2 min, 95% CI 74.0-86.4), which was significantly lower than the baseline model (100.4 min, 95%
CI90.5-110.3). Using boosted regression tree, we can increase the number of accurately booked cases from 148 to 219 (34.9% to
51.7%, p < 0.001). This study shows that using various machine learning approaches can improve the accuracy of RAS case length
predictions, which will increase utilization of this limited resource. Further work is needed to operationalize these findings.
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Introduction

Operating rooms (ORs) are responsible for a large proportion
of both revenue and cost for most hospitals [1, 2].
Approximately 60% of all patients admitted to the hospital
are treated in the OR [3]. Across the country, we increasingly
find robotic devices used to assist surgeons during procedures.
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Since its introduction into mainstream clinical practice, robot-
assisted surgery (RAS) volume has increased annually [4].
RAS has many advantages, but requires large capital invest-
ments by hospitals [4, 5]. The costs of the robotic surgical
systems are relatively fixed, with prices ranging from $1 mil-
lion to $2.5 million per unit, plus annual maintenance fees [6].
Therefore, one way for hospitals to maximize revenue is to
maximize the use of each robotic unit by utilizing all available
robotic surgery block time.

OR efficiency can be increased by more accurate prediction
of case lengths [3]. Currently, most hospitals employ two
techniques to schedule case duration — surgeon estimates
and/or historical case durations. Multiple studies have shown
that both of these methods have limited accuracy [7-9].
Because operating room case durations can be affected by
many factors, some studies have looked to improve the accu-
racy of these predictions by using simple regression tech-
niques [3, 10, 11]. However, advanced predictive analytics,
such as machine learning, can potentially provide even more
accurate estimations. Machine learning utilizes statistical tech-
niques to enable computer systems to “learn” from available
data and make accurate predictions on outcomes of interest.
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While other industries, such as finance and advertising,
have harnessed the power of machine learning, healthcare
has been slow to utilize this powerful tool. In this study, we
incorporated patient factors, disease factors, and operation set-
tings to construct a predictive model using machine learning
algorithms to improve the accuracy of predicted case lengths
for a variety of RAS procedures.

Material and methods

After approval by the University of California, San Diego
Institutional Review Board, we analyzed a random sample
of 500 elective RAS cases at our institution from January 1,
2014 to June 30, 2017. All surgical subspecialties were includ-
ed in this cohort. All robotic cases were identified by a com-
bination of the term “robotic” or “robot” in the procedure
name and by the robotic surgery Common Procedure
Terminology code “S2900”. We then performed a manual
chart review of all cases to ensure that a robotic procedure
was performed. We excluded procedures with less than ten
instances. Procedures were grouped into 12 categories: bowel
resection, cystectomy, low anterior resection, esophageal
myotomy, partial nephrectomy, radical nephrectomy, radical
prostatectomy, salpingo-oophrectomy, simple hysterectomy,
total abdominal hysterectomy and bilateral salpingo-
oophrectomy, trans-oral surgery, and ureteral reimplantation.
We selected 28 variables (Table 1) to build our predictive
models. These variables were selected because of their clinical
significance and to minimize collinearity in model-building. A

number of these variables have also been used by previous
studies to predict case duration in other procedures [3, 8,
10-13].

Statistical analysis

R, a software environment for statistical computing (R version
3.3.2), was used to perform all statistical analysis. We devel-
oped various predictive models for case duration, which was
defined as the time the patient exited the OR minus the time
the patient entered the OR. First, we constructed a baseline
model, which tested the ability of scheduled case duration to
predict actual case duration by single variable linear regres-
sion. Scheduled case duration was the duration of time the
case was originally booked for, based on historical averages
of case durations and/or surgeon preference. This baseline
model served as a reference group for comparison to other
predictive models. We then tested multiple machine learning
techniques (multivariable linear regression, ridge regression,
lasso regression, random forest, boosted regression tree, and
neural network) and compared them to the baseline model.
The first machine learning model we tested was multivar-
iable linear regression (MLR). We included all 28 variables
and performed no model selection. We then used all 28 vari-
ables and performed both ridge regression (RR) and lasso
regression (LR). Briefly, ridge regression is similar to maxi-
mum likelihood estimation, except a shrinkage penalty is ap-
plied to each regression coefficient, and thus, it shrinks the
coefficients towards zero. The shrinkage penalty is weighted
based on a tuning parameter A. This provides an advantage in

Table 1 List of the 28 variables used for model building and possible values for each predictor

Predictors Values Predictors Values

Scheduled duration 120-360 OSA Yes/No

Procedure group See Table 4 CAD Yes/No

Elderly (age > 65) Yes/No Diabetes mellitus Yes/No

Obese (BMI >30) Yes/No Cirrhosis Yes/No

Gender Male/Female COPD Yes/No

Combined case Yes/No CKD Yes/No

Robot model S or S/Xi/Unknown ASA classification 1-6

Malignancy Yes/No Month of year January — December

Tumor chest Yes/No Time of day First Start/ AM/PM

Tumor abdomen Yes/No Day of the week Monday — Friday/ Weekend
Tumor head and neck Yes/No

Tumor pelvis Yes/No Anesthesia provider CRNA/Resident/Attending Only
Tumor retroperitoneum Yes/No

Hypertension Yes/No Surgery resident PGY 1-5/Fellow/Unknown/ Attending Only
Smoking history Yes/No

Atrial fibrillation Yes/No

ASA American Society of Anesthesiologists, BMI body mass index, CAD coronary artery disease, CKD chronic kidney disease, COPD chronic
obstructive pulmonary disease, CRNA certified registered nurse anesthetist, PGY post-graduate year, OSA obstructive sleep apnea
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Table2  Demographics and descriptives for variables used to construct

the machine learning models

Variable Descriptive

Scheduled duration minutes 300

Procedure
- Bowel resection 22
- Cystectomy 28
- Low anterior resection 50
- Myotomy 14
- Partial nephrectomy 53
- Radical nephrectomy 14
- Radical prostatectomy 124
- Salpingo-oophorectomy (benign) 22
- Simple hysterectomy (benign) 13
- TAH-BSO (malignant) 60
- Trans-oral robotic surgery 13

- Ureteral reimplantation
Elderly patient (>65 years-old)
Obese patient (BMI > 30)
Female gender
Combined case
Starting anesthesiologist

- CRNA

- Resident

- Attending only
Surgery resident post-graduate year

-2

-3

-4

-5

- Fellow

- Unknown

- No residents
Robot type

- S/Si

-Xi

- Unknown
Malignancy
Tumor

- Chest

- Abdomen

- Retroperitoneum

- Head and neck

- Pelvis
Hypertension
Smoking history
Atrial fibrillation
Obstructive sleep apnea
Coronary artery disease
Diabetes mellitus
Cirrhosis

11

163 (38.4%)
145 (34.2%)
178 (42.0%)
23 (5.4%)

167 (39.4%)
179 (42.2%)
78 (18.4%)

4 (0.9%)

28 (6.6%)
111 (26.2%)
68 (16.0%)
139 (32.8%)
72 (17.0%)
2(0.5%)

147 (34.7%)
154 (36.3%)
123 (29.0%)
342 (80.7%)

1 (0.2%)
1(0.2%)

73 (17.2%)
11 (2.6%)
260 (61.3%)
160 (37.7%)
17 (4.0%)
27 (6.4%)
41 (9.7%)
28 (6.6%)
60 (14.2%)
11 (2.6%)

Table 2 (continued)

Variable Descriptive
Chronic obstructive pulmonary disease 30 (7.1%)
Chronic kidney disease 34 (8.0%)
ASA classification

-1 11 (2.6%)

-2 165 (38.9%)

-3 236 (55.7%)

_4 12 (2.8%)
Day of the week

- Monday 120 (28.3%)

- Tuesday 81 (19.1%)

- Wednesday 61 (14.4%)

- Thursday 121 (28.5%)

- Friday 39 (9.2%)

- Weekend 2 (0.5%)
Time of the day

- First start 223 (52.6%)

- AM 127 (30.0%)

-PM 74 (17.4%)
Month of the year

- January 24 (5.7%)

- February 27 (6.4%)

- March 39 (9.2%)

- April 46 (10.8%)

- May 36 (8.5%)

- June 66 (15.6%)

- July 24 (5.7%)

- August 32 (7.5%)

- September 28 (6.6%)

- October 28 (6.6%)

- November 41 (9.7%)

- December 33 (7.8%)

ASA American Society of Anesthesiologists, BMI body mass index,
CRNA certified registered nurse anesthetist, ZAH-BSO Total Abdominal
Hysterectomy and Bilateral Salpingo-oophrectomy

the bias-variance tradeoff, in which increases in A may lead to
decreased variance but increased bias. Ridge regression uses
all predictor variables in the final model, whereby no coeffi-
cients will be equal to exactly zero. In contrast, while lasso has
very similar properties to ridge regression, it allows smaller,
more parsimonious models (i.e., some regression coefficients
may equal zero). For both ridge and lasso regressions, the
optimal A value was determined via cross-validation and was
used for the final models. For random forest (RF), the number
of predictors chosen at each split was set to equal the square
root of the total number of predictors and the total number of
trees was set at 500. For the boosted regression tree (BRT), the
number of trees was set at 10,000, with the shrinkage value set
at 0.001. Lastly, for the neural network (NN): 1) dummy
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Fig. 1 Scatterplot of the

scheduled duration and actual

duration with the baseline model

(solid line) and the line of perfect 800-
prediction (dashed line)

600-

Actual Duration

200-

variables were created for categorical variables (with values of
0 or 1), 2) binary variables were converted to value 0 or 1, and

Table 3  Performance of the models with average RMSE from 10-fold
cross-validation and bootstrapping

Model Average RMSE ~ 95% Confidence
from 10-fold interval
cross-validation

Baseline model 100.4 90.5-110.3

Multivariable linear regression 86.8 78.4-95.1

Ridge regression 82.4 73.3-91.5

Lasso regression 81.3 71.5-91.0

Random forest 81.9 75.8-88.1

Boosted regression tree 80.2 74.0-86.4

Neural network 89.6 71.2-107.9

RMSE root-mean-squared error
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3) continuous variables were normalized by scaling the inputs
to have mean 0 and a variance of 1. For the neural network, we
developed the model with one hidden layer consisting of 5
nodes. Performance of all models was determined by the av-
erage root-mean-squared error (RMSE) calculated from ten-
fold cross-validation, followed by bootstrapping (R = 100) to
determine 95% confidence intervals (CI).

In order to test how well our best machine learning algo-
rithm will perform on actual OR cases, we then applied the
algorithm to the entire dataset to determine the predicted case
length for every case. We then compared the performance of
the predicted case length from the machine learning algorithm
against the current scheduled durations. One method was to
compare the proportion of cases with an accurate booked case
length. Currently, case booking accuracy is assessed by
whether the actual duration of the case is within 15% of the
scheduled duration. For all cases, we determined what
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Table 4 Median original
scheduled duration, new
predicted duration, and actual

Procedure group

Scheduled
duration (mins)

Predicted
duration (mins)

Actual
duration (mins)

duration, for all procedure groups
Bowel resection

Low anterior resection
Myotomy

Cystectomy

Partial nephrectomy

Radical nephrectomy

Radical prostatectomy
Ureteral reimplantation
Trans-oral robotic surgery
Salpingo-oophorectomy (benign)
Simple hysterectomy (benign)
TAH-BSO (malignant)

240 303.6 287
360 328.7 328.5
180 167.2 158.5
360 469.3 466
240 280.8 278
240 269.4 293.5
360 2472 244
240 387.0 395
120 290.1 293
180 230.1 199.5
300 291.8 283
300 299.5 291.5

TAH-BSO Total Abdominal Hysterectomy and Bilateral Salpingo-oophrectomy

proportion of these cases was accurately booked using both
the original scheduled duration and the new predicted case
length. For both the original scheduled duration and the new
predicted duration, we calculated the cumulative minutes that
are over- or under-predicted compared to the actual duration
by summing the absolute value of the difference. Lastly, we
calculated the proportion of cases that were over- or under-
predicted for both the original scheduled duration and for the
new predicted case lengths. For all analyses, the level of sig-
nificance was set at p < 0.05. Chi-square test was used to com-
pare the number of accurate cases when using the scheduled
duration versus the predicted case lengths.

Results

A total of 12 procedural categories and 424 cases were includ-
ed in the analysis. Table 2 lists the frequency of each covariate
among our patient population. After 10-fold cross-validation
and bootstrapping, the baseline model for predicting actual
case duration yielded a RMSE of 100.4 min (95% CI 90.5-
110.3). Figure 1 shows a scatterplot of the actual durations
versus the scheduled durations for all cases. The solid line
indicates the baseline model, while the dashed line indicates
the line of perfect prediction.

MLR improved on the RMSE as compared to the baseline
model, with a RMSE of 86.8 min (95% CI 78.4-95.1). The
95% CI of MLR overlaps with the 95% CI of the baseline
model, suggesting a non-significant difference. Ridge regres-
sion decreased the RMSE to 82.4 min (95% CI 73.3-91.5).
Again, this 95% CI overlaps with the baseline model, suggest-
ing a non-significant difference. Lasso regression decreased
the RMSE to 81.3 min (95% CI 71.5-91.0), but also overlaps
with the baseline model’s 95% CI. RF had a slightly higher
RMSE of 81.9 min (95% CI 75.8-88.1), but its 95% CI does
not overlap with that of the baseline model, indicating that the
RF algorithm had a significantly smaller RMSE. BRT de-
creased the average RMSE to 80.2 min (95% CI 74.0-86.4),
indicating slightly better performance as compared to RF.
Lastly, NN had a RMSE of 89.6 min (95% CI 71.2-107.9),
indicating a non-significant difference from the baseline mod-
el. Table 3 summarizes the RMSE of each model.

After determining that the BRT model performed the best,
we applied the algorithm to all cases within the cohort to yield
a machine-learning generated predicted case length. Table 4
shows the comparison between the median scheduled dura-
tion, predicted duration, and actual duration of all procedure
groups.

The cumulative minutes over- or under-predicted de-
creased from 36,894 min using the original scheduled dura-
tion to 21,133.86 min using the BRT predictive model

Table 5 Comparison of the cumulative minutes over/under compared to the actual case duration, percent of cases over/under, and booking accuracy
rate between the original scheduled duration versus the new predicted duration using boosted regression trees

Cumulative minutes over/under % of Cases over/under Accurately booked cases p-value®
Original scheduled duration 36,894 57.5%/42.5% 148 (34.9%) <0.001
New predicted duration 21,133.86 54.2%/45.8% 219 (51.7%)

# Chi-square test of the booking accuracy rate

@ Springer



32 Page6of 8

J Med Syst (2019) 43: 32

(Table 5). The percentage of cases in which the case durations
are over- or under-predicted compared to the actual case du-
ration for both the BRT model and the original scheduled
duration are also shown in Table 5. Using the BRT predicted
case length, the number of accurately booked cases increased
from 148 to 219 (34.9% to 51.7%, p < 0.001) (Table 5).

Discussion

By using various machine learning approaches, we decreased
the RMSE for predicted RAS case lengths at our institution.
While all six machine learning models we tested had an aver-
age RMSE that was lower than the baseline model, only RF
and BRT significantly improved the average RMSE, with
BRT performing the best.

Currently, cases at our institution are scheduled by averag-
ing the case lengths of each services’ previous 10 cases and by
surgeon preference. Our baseline model showed that the cur-
rent scheduled duration is a poor predictor of actual case du-
ration, resulting in high RMSE. By including 28 variables and
applying machine learning techniques, we were able to signif-
icantly decrease the RMSE compared to the baseline model. A
switch to the BRT model would have decreased the cumula-
tive minutes that were over- or under-predicted by
15,760.14 min. The original scheduled duration was also more
likely to over-predict the case duration compared to the BRT
model. In general, over-predicting a case duration (in which a
case finishes earlier than expected) is more desirable than
under-predicting a case duration (in which a case finishes later
than expected). However, scheduling a case for longer than it
should be decreases overall OR efficiency by increasing
wasted block time, staffing, and equipment. When applying
the + 15% buffer that is standard at our institution to gauge
booking accuracy, the BRT model significantly increased the
booking accuracy by 16.8%. Accurately predicting the case
duration is critical in planning and scheduling of cases
throughout the day [11]. This is more so for robotic surgery,
due to the fact that it is a highly-sought and limited resource.

In the quest to improve OR efficiency, hospitals have
looked to team-training, Lean and Six Sigma methodologies,
and variability modeling [1, 14—16]. However, it has been

Fig. 2 Schematic diagram of the

possible integration of the EHR to
a machine learning algorithm for

case duration planning

suggested that OR efficiency is highest when allocation of
OR time is performed at the onset [17]. To that end, advanced
statistical modeling and computerized simulations have been
tested to assess the impact of different scheduling strategies on
OR efficiency [3, 10, 18-21]. However, no studies have used
patient factors, disease factors, and operating room factors to
construct machine learning models to improve case duration
predictions in the scheduling of RAS.

Operationalizing these findings can be potentially chal-
lenging. Machine learning is often perceived as an esoteric
“black box”, where variables are entered into a “machine”
and predictions are generated. This misperception may cause
stakeholders to greet it with skepticism. However, machine
learning has been used in a wide range of medical applications
to great effect [22—-24], though the clinical application of this
technology remains limited in healthcare. In our model, the
majority of the variables used to construct the algorithm can
be auto-populated from patients’ electronic health record
(EHR). Therefore, an OR scheduling program utilizing ma-
chine learning can be tethered to the EHR and seamlessly
schedule cases with minimal (if any) manual data entry
(Fig. 2). Though we only included robotic surgeries because
it represents a distinct cohort, this technique can be applied to
other types of surgery or specialties. Lastly, another advantage
of machine learning is the opportunity for the algorithm to
“learn” with time, allowing the predictions to become more
accurate as the number of samples increases.

Our study has several limitations. In our cross-validation,
we randomly divided the cases into 10 blocks to avoid sam-
pling bias. In doing so, cases were no longer sequential in time.
Because robotic surgery is an emerging technology, a sur-
geon’s case duration may decrease as he or she becomes more
familiar with the platform. We only included robotic surgery in
this study because it represents a distinct cohort of cases. To
apply this model to more approaches would require a much
larger dataset to build an accurate model. In this respect, we
were also somewhat limited by the computation power avail-
able. Machine learning algorithms can become rather complex,
so decisions had to be made to balance model performance
with practicality. If we are to operationalize these models, they
must perform with accuracy but also in a timely manner. It has
also been suggested that some surgeons may artificially make

Machine Predicted Case Duration

Learning

[ Operating Room Scheduler
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their scheduled durations inaccurate in order to book more
cases per day. If this is widespread, then it may explain why
the baseline model is so inaccurate. We have no evidence that
this occurs frequently at our institution and using our algorithm
to schedule cases would take the ability to manipulate the
scheduled duration out of the hands of the surgeon. Lastly,
the question of generalizability is important to discuss. The
models were created using a unique cohort of patients at our
institution, so the RMSE findings presented here may not be
reproducible at another institution. In addition, because our
cross-validation, bootstrapping, and certain mechanisms of
some of the machine learning models introduce randomness
into the equation, there are small variations in results even
when repeating on the same dataset. However, the stochastic
nature of our models is a strength of the machine learning, and
the methodology employed here is robust enough that these
findings should be applicable at other institutions.

In summary, our study demonstrates that predictive model-
ing using machine learing is more accurate than the current
method to predict case duration, and that implementation of a
machine learning algorithm can lead to an increase in the num-
ber of accurately booked case durations. This improved pre-
dictive power may lead to decreases in both over- and under-
utilization of operating room resources. Future studies should
focus on integrating this technology to the actual scheduling of
cases and exploring its effects on OR efficiency and workflow.
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