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Introduction 

The operating room (OR) is one of the most expensive resources in the healthcare system; estimated to 
cost $22-133 per min and generating about 40% of hospital revenue1-3. Accurate prediction of surgical 
case length could improve OR utilization efficiency. Many hospitals use surgeon-estimated, historical 
median, or Electronic Health Record (EHR) system-generated median case length to schedule surgical 
cases, which all have shown to be inaccurate2,4-9. Many groups have developed machine-learning models 
and show their potential use for case length prediction2,4. To the best of our knowledge, this is the first 
report on wide implementation of a machine learning model to predict case length at the time of case 
creation for various services across different hospitals and ambulatory surgery centers. 

Approach 

It has been shown that surgeons are the most significant contributor to the case length variability8. We 
introduce a method, called similarity cascade, to capture case complexity due to primary surgeon and 
procedural factors, calculate the historical median case length, and make the model implicitly dependent 
on surgeon-name by replacing 1000+ surgeon names with a single variable. 107,898 elective surgical cases 
across Duke University Health System (DUHS) from Jan 2021 to Apr 2022 were collected for training and 
evaluation. Using the similarity cascade approach and limited case posting data, we created and evaluated 
a machine-learning model with a custom loss function to predict case length which outperforms 
schedulers and EHR system median (data not shown). To create a production pipeline (Figure 1) and 
seamlessly deploy and implement our model, we collaborated with several groups within DUHS to 1) 
create an application programming interface (API) providing case data one day after posting; 2) build the 
framework to run the model on Kubernetes; and 3) integrate an additional field into our EHR system to 
show the model output for schedulers use (if they choose so) with the process and pipeline were subject 
to oversight from an internal DUHS governance and evaluation committee. After deployment and several 
rounds of silent evaluation, the model was generally implemented on August 1st, 2022. 

Prospective analysis 

33,815 surgical cases from Aug-Dec 2022 were collected. The schedulers were free to adjust the model 
output. Figure 2A shows the gradual adoption of the model by schedulers as the gap between the 
schedulers and model predicted case length has been shrinking. The model performed more balanced in 
terms of under- and over-prediction error and predicted 5.9% more cases within 20% of the actual case 
length, our defined arbitrary error margin, compared with the schedulers (Figure 2B). Specifically, the 
model significantly outperformed the schedulers for short cases (i.e., ≤ 60 minutes) showing 18.8% and 
13% more of the half-an-hour- and an-hour-long predicted cases within the error margin, respectively 
(Figure 2C-D). 



Conclusion 

We created a machine-learning model and a production pipeline that is being leveraged every day to 
provide the schedulers with the predicted case length in the EHR system at the time of scheduling. This 
framework could be utilized, and modified if needed, to deploy future models across our institute. 
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Figure 1. General workflow of the production pipeline running the case length model everyday 

API is updated with the 
data of cases posted the 

day before by 5 AM

Model runs and calls the 
API at 6 AM

The predicted case 
length is pushed into the 

EHR system by 8 AM



 

Figure 2. Prospective evaluation of the case length model during Aug-Dec 2022. A) Median difference in 
predicted case length by the scheduler and model in minutes, B) Overall performance comparison 
between scheduler and model, C-D) scheduler and model performance at different predicted case 
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periods, respectively. Predicted case lengths within, under, and over 20% of the actual case length are 
depicted in white, red, and blue, respectively. 


