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Abstract. Patients undergoing anesthetic surgery are treated postoperatively in a
Post-Anesthesia Care Unit (PACU). Traditional planning methods often fail to
account for the complexity of patient data. This study aims to develop a machine
learning (ML) tool to predict PACU-care times and to improve patient throughput.
By integrating local-explanation models, we seek to gain clinical acceptance by
providing insights into individual predictions. The project utilizes data from over
84,000 patients, including more than 170 variables.
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1. Introduction

Patients undergoing anesthetic surgery are monitored and cared for postoperatively in a
Post-Anesthesia Care Unit (PACU). The PACU experiences a high patient throughput,
and planning of the patients care times can be a bottleneck in managing surgical queues
[1]. Day-to-day planning has relied on care times predicted by clinicians, but this
approach doesn’t account for potential information in high dimensional patient data.

The aim of the study is to build and implement a machine learning (ML) tool to
predict care times at PACU using high dimensional patient data. To increase the
acceptance of the tool local-explanation models will be used to explain the individual
predictions. The long-term goal is to develop ML-tools enable us to optimize staffing
and resources so that throughput is maximized while care quality remains high.

2. Methods

Following surgery patients are transferred to PACU, where they after receiving treatment
are discharged to other units, see Figure 1. Surgeries are commonly performed during
daytime. Therefore, patients are rarely discharged from PACU during night hours,
regardless of being fully recovered. This means that the observed care times are partially
interval censored.

The data used in this study include patient medical history, preoperative data,
surgical times, registered complications, and monitoring data from PACU. The data
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comprises more than 170 variables from 84,000 patients, gathered over a 7 year period
at Region Viisterbotten, in northern Sweden.

Early planning at PACU requires predicting both care times and arrival times. One
of the challenges is that response data are partially censored [2].

For successful implementation the ML-tool needs to be trusted by clinicians. To
ensure acceptance, an ongoing study contrasts clinicians predictions of PACU care times
to model predictions and observed outcomes. Furthermore, explaining model predictions
through local explanation methods [3] is another way to gain acceptance.
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Figure 1. Interdepartmental flow of patients from preoperative assessment to the PACU.

3. Results

A study identifying clinical needs and success factors for implementation of a data-
driven prognostic tools has been performed. In addition, a large-scale simulation study
has been conducted with the objective to identify ML-strategies that handle partially
interval censored data. Preliminary results suggest that the choice of strategy can be
critical. Several models predicting required treatment time at PACU have been
implemented and will be compared to clinicians’ predictions and the observed outcomes.

4. Discussion and Conclusions

Implementing ML-tools has several challenges including: receive clinical acceptance,
dealing with unstructured data as well as changing conditions. In this project we are
building models in close collaboration with clinicians, which is time consuming, but
ensures that the results will be used and contribute to a more efficient health care.
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