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1 Introduction

We consider a Surgical Case Planning (SCP) problem in which patients are
selected from a waiting list for elective surgery and assigned surgery dates. We
account for the limited capacity of two key resources: operating rooms (ORs)
and anesthesiologists who must attend each procedure [1]. This problem is solved
after both the master surgery schedule (MSS) of the ORs and the rosters for the
anesthesiologist have been determined, but before the patients’ actual clinical
conditions and potential staff absences are known. As a result, the SCP decisions
are subject to significant uncertainty [7]. We model this uncertainty through
two problem parameters that are unknown at the time of solving: (i) surgery
durations and (ii) the absence or presence of scheduled anesthesiologists.

To address this uncertainty, we adopt a Predict-then-Optimize (PTO) ap-
proach. In the first stage, two prediction models are used to predict surgery
durations and anesthesiologist absences. These predictions are then used in the
second stage, where a deterministic optimization model is solved to generate
a solution for the SCP problem. It is well known that for some problems, im-
proving prediction accuracy does not necessarily lead to better solutions of the
optimization model [4]. The relationship between prediction accuracy and so-
lution quality becomes even more complicated when two prediction models are
involved, as is the case in the SCP problem. In this work, we empirically evaluate
this relationship, thereby enabling an analysis of how solution quality changes
as a function of prediction accuracy.

2 Problem description

For a given planning period, the considered SCP problem involves selecting a
subset of patients from a waiting list and assigning each of them a feasible
surgery date, OR and anesthesiologist, while respecting the capacity constraints
of ORs and anesthesiologists. The anesthesiologist rosters and MSS specify the
available hours for both of these resources on each day of the planning period.
All patients on the waiting list are eligible for surgery in the planning period.
Each patient has a due date before which they must be operated on, as well as
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an estimated surgery duration. Additionally, clinical requirements may restrict
compatibility between patients and certain anesthesiologists or ORs. For exam-
ple, certain patients require anesthesiologists with specific skills, while certain
procedures depend on equipment that is not available in all ORs.

Two problem parameters are unknown at the time of solving:

1. The surgery duration tp of patient p. Although historical averages are often
used in practice, these may be inaccurate. We assume instead that this du-
ration can be predicted using patient-specific features zp, such as their age,
clinical condition and medical history [5].

2. The presence of anesthesiologist a scheduled to work on a day d, represented
as a binary parameter bad. Unexpected absenteeism may occur due to ill-
ness or external factors. We assume that absences can be predicted from
anesthesiologist-specific features za, such as workload intensity, recent ab-
senteeism frequency and seasonal illness trends [3].

The objective is to minimize a weighted sum of two objectives: (i) the number
of external workers required to cover for absent anesthesiologists and (ii) the total
waiting time of all patients. Unscheduled patients are carried over to the next
planning period, incurring additional waiting time.

3 Methodology

To solve the SCP problem, we apply the PTO approach illustrated in Figure
1. Two prediction tasks are carried out: a regression task to predict surgery
duration t̂p, and a binary classification task to predict anesthesiologist absences
b̂ad. The optimization model is then solved using integer programming to obtain
an optimal solution x∗(t̂p, b̂ad) from the set of feasible solutions X .
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Fig. 1. Schematic overview of the PTO approach.

We conduct a series of experiments to analyze how the accuracy of the re-
gression and classification models impacts solution cost. To this end, we use the
algorithms introduced in [2,6] to simulate the predictions that models would pro-
duce at a specified level of accuracy. By systematically adjusting this accuracy,
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we obtain an empirical mapping between prediction performance metrics and
solution cost. We vary the prediction accuracies of both models simultaneously
to assess interaction effects between the two sources of uncertainty.

Solution cost is computed by simulating the realization of the actual surgery
durations and anesthesiologist absences given a solution x∗(t̂p, b̂ad) obtained with
predictions. Once the uncertain parameters are revealed on each day, we apply
one of several rescheduling policies to restore feasibility, if necessary. These poli-
cies may involve postponing surgeries, reassigning them to a different OR or
anesthesiologist, or a combination of these actions. Each change incurs a cost,
which is minimized during the rescheduling process.

Preliminary computational results based on data from a Danish hospital in-
dicate that KPIs such as the number of postponed, canceled or resource-changed
patients, are affected in a similar way by the accuracy of surgery duration predic-
tions. Notably, the results demonstrate that improvements in prediction accuracy
do not necessarily lead to better KPI values. Furthermore, the accuracy of anes-
thesiologist absence predictions appears to have only a limited influence on these
results. Overall, these findings suggest that the relationship between prediction
accuracy and operational performance is not straightforward, highlighting the
need for further investigation into the interaction between prediction models and
scheduling decisions.
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