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Background m Prospective evaluation

The operating room (OR) time is estimated to cost at
$22-133 per minute and generating as much as 42%

of the hospital’s revenue!3. Surgical cases
scheduling is usually performed manually which
suffer from various biases, high uncertainty, or
even late estimation.

More accurate prediction of surgical case length
can improve utilization of the ORs, more optimal
allocation of resources, and increase patient
throughput and hospital revenue.

The major challenge for case length prediction is
the limited data available at posting time.
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* EMR average is not accurate mainly due to
inconsistent posting of CPTs.

e Surgeon’s estimate is usually not available.

* Schedulers need time to be trained and usually
under-estimate case length.
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Cohort: Adult and pediatric surgical cases
Date: Jan 2021 to Apr 2022

Locations: 12 hospitals and ambulatory surgical
centers across Duke University Health System (DUHS)

Services: 20 different service lines
Training set: 80,595 cases performed in 2021
Testing set: 27,303 cases performed in 2022

Variables: age, gender, patient class, service, location,
laterality, number of panels, number of CPTs, EMR
estimated case length, surgeon estimated case
length, primary physician, CPTs, RVUs, and historical
median

Outcome: The patient-in to patient-out or wheels-in
to wheels-out time was defined as the surgical case
length because of its wide perioperative and
scheduling use?.

Model: Gradient-boosted decision tree regression
model

Loss function: The mean squared logarithmic error
(MSLE)

Retrospective evaluation
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Production pipeline
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102185 mins
2051172 mins Gynecology
50154 mins Obstetrics
2021148 mins Gynecology

630|476 mins Urology

Otolaryngology

Save the output
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Conclusions

We were able to use limited case posting data to
predict surgical case length.

Consistency in case posting improves scheduling
accuracy and resources allocation.

We created a production pipeline to deploy the
model and present the output in the EMR system.

EMR presentation of the output is key to adoption of
a machine learning tool.

The pipeline can be customized and leveraged to
deploy other models.
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