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Abstract

Background: The dynamic nature of surgical demand poses significant chal-
lenges in planning and scheduling resources to staff the surgical suite. Uncertainty
in workload often leads to conservative upstream resource allocation, resulting
in staffing misallocation. We propose a novel metric, the daily maximum num-
ber of open operating rooms (ORs), as an interpretable resource demand proxy
to support staff planning.
Methods: Using historical surgical data from Mayo Clinic in Rochester, Min-
nesota, from May 5, 2018 through October 8, 2023 (332,904 surgical cases),
we developed a deep learning framework based on a wide-and-deep architecture
to predict the daily maximum number of open ORs. The model incorporates
features capturing historic OR use trends, seasonality effects, and anesthesia
division–specific characteristics. Predictions are generated for forecast horizons
of up to 90 business days.
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Results: Our results demonstrate strong predictive performance, with campus-
level root mean square error values ranging from 5 to 7 available ORs across all
forecast horizons. Validation across 9 anesthesia divisions confirms the frame-
work’s capability to capture complex, nonlinear dependencies within longitudinal
surgical datasets.
Conclusions: This study introduces a novel operational metric and a robust
predictive framework for perioperative resource management. By accurately fore-
casting daily maximum open ORs, health care managers can better align staff
capacity with anticipated demand, potentially enhancing staff use and improving
the patient care experience by minimizing delays.

Keywords: Operating rooms, Surgical demand, Resource allocation, Staff planning,
Deep learning, Wide-and-deep architecture

1 Introduction

Staff scheduling is challenging; it is computationally complex and difficult to achieve
due to uncertainty in the workload. There are multiple objectives, constraints, and
preferences to be considered and, to make the problem more difficult, scheduling deci-
sions are generally made in multiple stages, with outcomes of the first stage becoming
a constraint on the following stages. We investigate the question of how to improve
the upstream stages of this process, where staff allocations are made and become con-
straints to later operational scheduling. Decisions made upstream have a considerable
impact on operations, staff well-being, and patient outcomes, and as such tend to
be made conservatively. Misallocation is common, resulting in either understaffing or
overstaffing.

Improving the performance of upstream resource allocation decisions is a promis-
ing avenue to enable managers to: 1) provide sufficient roster capacity; 2) reduce
understaffing and the associated costs in overtime and staff burnout; 3) minimize over-
staffing; and 4) increase provider satisfaction by granting greater control over their
schedules.

A clear factor in the performance of the staff allocation decisions is the uncertainty
in demand. In health care, demand is ultimately about patient volume, translating
volume to required staff via an easily interpretable metric can aid administrators in
their staffing decisions. For example, in anesthesiology, the staff allocation decision
can easily be related to the number of operating rooms (ORs) that need coverage. A
typical staff ratio could have an anesthesiologist covering 2 ORs but can go as high as
1 per 4 ORs [1]. Minimum staffing requirements can easily be determined knowing the
allowed and desired ratio and the number of open ORs. Based on these considerations,
we considered a novel metric, daily maximum number of open ORs, and developed a
predictive model for use by managers making intermediate-term roster management
decisions for scheduled staff in the perioperative setting.

In the following section, we review related work on planning and scheduling, ros-
ter management, demand forecasting, and how artificial intelligence/machine learning
works in block scheduling and surgery duration prediction. First, we introduce the
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challenges related to scheduling of surgical cases, which is the linkage between patients
and required staff. Second, we discuss the scheduling literature that addresses assign-
ment of personnel to specific coverage responsibilities (e.g. shifts or specific assigned
roles), often called rostering. Third, we review related work on demand forecasting in
the surgical context and the opportunity with respect to forecasting coverage require-
ments. Finally, we discuss related work in artificial intelligence/machine learning for
block scheduling and surgery duration prediction.

2 Literature Review

2.1 Planning and Scheduling in the Surgical Setting

Managing and allocating resources in surgical settings, particularly ORs, is challeng-
ing due to the highly variable nature of surgical volumes. This complexity is further
exacerbated by uncertainties in surgery durations, emergency surgeries, and resource
availability. Daily fluctuations and uncertainties in surgical demand and resource avail-
ability require scheduling strategies that are both flexible and predictive to ensure
optimal resource use [2–4].

Traditional scheduling approaches often result in either overstaffing or under-
staffing. Overstaffing causes staff idle time and understaffing creates an excessive
workload, leading to burnout and affecting morale. Additionally, non-OR days, such
as paid time off and research days, are better arranged when the time is granted
far enough in advance to organize plans. Optimizing resource allocation in OR
environments is crucial for enhancing operational efficiency and staff satisfaction.

For healthcare administrators, investments in schedule optimization aim to meet
the most patient needs possible within available healthcare resources. Typically,
administrators break the problem into multiple decision stages across time and func-
tional areas of scheduling, reflecting its scale and complexity. OR scheduling focuses
on sequencing surgical cases across physical spaces [5, 6]. In contrast, staff scheduling,
or rostering, involves allocating personnel to tasks, such as assigning anesthesiologists
to cover operating rooms, and is the focus of this paper.

2.2 Roster Management

Scheduling is also called rostering when assigning staff to work locations and shifts
over a time period of several weeks to a few months. Rostering in health care has long
been studied, with one of the first applications to receive significant attention being
nursing shifts, which came to be known as the Nurse Rostering Problem [7–11]. More
recently, a variant of the problem for anesthesia providers has been studied, labeled
the Anesthetist Rostering Problem [12, 13].

In their review of general staff scheduling, Ernst et al. [14] developed a flexible
classification scheme defining 6 subproblems composing the rostering problem. These
subproblems are 1) demand modeling, 2) days off scheduling, 3) shift scheduling, 4)
line of work construction, 5) task assignment, and 6) staff assignment. Our work
specifically addresses demand modeling, which remains an underexplored area within
the larger staff scheduling problem.
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In their recent review of the physician scheduling problem, Erhard et al. [15]
highlight the need for a rigorous investigation of realistic physician demand in the
literature. They note that in most works reviewed demand uncertainty is neglected,
and instead, demand is a deterministic input parameter. Planners and managers need
advanced insight of the upcoming demand so they can grant staff requests for paid time
off, research time, or other nonclinical activities, while maintaining an adequate pool
of staff for schedulers to meet the needs of the practice as the case volume becomes
better known.

Many tools exist for solving these medium-term staff allocation problems. How-
ever, their effectiveness in practice rests on the accuracy of demand estimates. As a
direct input to the scheduling process, high-quality demand forecasting is a critical
complementary discipline that enables planners to align staffing to case volume.

2.3 Demand Forecasting, Block Scheduling, and Surgery

Duration Prediction

Demand forecasting in health care has gained increasing attention in recent years,
particularly within surgical and perioperative settings, as hospitals seek to better plan
and allocate clinical and surgical staff. For example, Hassanzadeh et al. [16] focused
on predicting daily surgical case volumes. Using historical data and machine learning
methods, they demonstrated how hospitals can anticipate daily workload and allocate
resources more effectively. Building on this line of work, Singh et al. [17] developed a
machine learning pipeline that combined forecasts of surgical volumes with predicted
patient length of stay to estimate hospital bed use. This integration highlights the
interconnected nature of perioperative demand forecasting, where surgical case vol-
umes not only affect OR scheduling but also downstream inpatient capacity planning
and staffing.

Related studies examine block scheduling and tactical OR capacity planning and
forecasting, where “blocks” refer to preassigned allocations of OR time to services or
surgeons [6, 18–21]. While block forecasts and allocations are valuable for planning,
they are not synonymous with the daily number of open ORs, which reflect actual
operational capacity and must account for the uncertainty in surgical demand and case
duration. This distinction is important: blocks represent planned allocations of OR
time, given to surgical services, specialties, or individual surgeons, whereas open ORs
represent the expected concurrent rooms to cover patient care demand. Predicting
open ORs provides a direct basis for estimating the number of surgical staff needed,
shifting the focus from preassigning staff to specific rooms toward dynamically aligning
staffing with actual operational needs. Despite extensive literature on surgical volume
and block allocation, explicit prediction of daily open ORs is largely absent. Addressing
this gap, we introduce daily maximum number of open ORs as an operationally inter-
pretable metric and develop predictive models to support intermediate-term roster
management decisions in perioperative care.

Another area of research focuses on predicting surgical case durations, which has
direct implications for staffing, as well as for reducing overtime and procedural delays.
For example, Jiao et al. [22] developed probabilistic models to forecast surgical case
durations, emphasizing the importance of capturing uncertainty in procedure length
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rather than relying solely on point estimates. Their findings demonstrated that mod-
eling probability distributions can improve OR scheduling and mitigate downstream
delays. Later, Jiao et al. [23] applied a neural network model to predict surgical dura-
tions, demonstrating that deep learning approaches can further decrease overtime,
reduce surgical expenses, and inform staffing allocation schedulers. Similarly, Abbou
et al. [24] evaluated a gradient boosting model to predict surgery durations based on
patient demographics, surgery type, and surgeon experience, showing reductions in
surgery delays, improved OR use, and support for staffing decisions. Earlier work by
Devi et al. [25] proposed a framework for predicting surgery time in ophthalmology
using features such as surgeon and anesthetist experience, staff tenure, and anesthesia
type.

Overall, these studies primarily aimed to improve surgical scheduling and staffing
by more accurately predicting procedure durations and optimizing case sequencing.
However, they do not address the need to forecast surgical staffing requirements well in
advance. This limitation stems from the fact that detailed information about scheduled
surgical cases—necessary for predicting procedure times and sequencing—is typically
available only shortly before the surgery date.

2.4 Study Contributions

In this study, we propose a predictive modeling framework to estimate the daily
maximum number of open ORs, with explicit consideration of variability in surgical
demand. Our work contributes to the literature on perioperative operations manage-
ment by introducing a novel operational metric, daily maximum number of open ORs,
and developing machine learning models to predict this measure.

The proposed metric, daily maximum number of open ORs, quantifies the peak
concurrent use of ORs within a given day, thereby capturing the point of highest
resource intensity. Unlike traditional measures, such as scheduled block allocations or
aggregate surgical volume, this metric directly reflects the operational requirement
most relevant for staffing decisions. By predicting this metric, we provide a principled
basis for aligning staff capacity with anticipated demand, with implications for both
efficiency and workforce sustainability.

To the best of our knowledge, no prior studies have explicitly modeled or predicted
the daily maximum number of open ORs to inform staffing decisions. We address this
gap by applying deep neural networks to predict the daily maximum number of open
ORs up to 90 business days in advance. Deep learning is particularly well-suited to
this task, as it accommodates complex, nonlinear relationships in longitudinal surgical
datasets. Our models are trained on approximately 5 years of data from Mayo Clinic’s
campus in Rochester, Minnesota, and generate predictions at both anesthesia division
and aggregate (hospital-wide) levels. Although the empirical application is specific to
Mayo Clinic, the underlying conceptual framework and methodologic approach are
generalizable across health care systems and surgical contexts.
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3 Data

This study uses historic surgical data collected from May 5, 2018 through October 8,
2023, comprising a total of 332,904 surgical anesthesia cases. To reduce the influence
of atypical scheduling patterns, data from weekends, holidays, and the COVID-19
period (March 1, 2020 to May 31, 2020) were excluded from the analysis. The dataset
is divided into a training set covering 1028 surgical days, a validation set covering 254
surgical days, and a test set covering 257 surgical days. The objective is to predict
the daily maximum number of concurrently open ORs within individual anesthesia
divisions, up to 90 business days in advance of the scheduled surgery date. To support
this prediction task, various features were engineered from the dataset, as outlined in
Table 1.

Table 1: List of Features

Feature Values

Number of listings Calculated for Windows 1, 2, 3, . . . , 90
Number of unique surgeons Calculated for Windows 1, 2, 3, . . . , 90
Avg, min, max, and SD of
open ORs

Calculated for Windows 1, 2, 3, . . . , 90 over past 5,
10, 20, 30 days

Anesthesia division Division 1 to 9
Day of the week Monday / Tuesday / Wednesday / Thursday /

Friday
Surgical day code Blue or Orange
Week number 1 to 53
Day number 1 to 31
Month number 1 to 12
Pre/post holidays 0 or 1
Spring break 0 or 1

Abbreviations: Avg, average; max, maximum; min, minimum; ORs, operating
rooms.

The number of surgical listings and the number of unique surgeons are the most
important features and are calculated over a 90-day window (Windows 1 to 90), where
Window 1 represents the previous business day before surgery and Window 90 repre-
sents 90 business days before the surgery day. For example, the number of listings in
Window 1 reflects the total surgical listings up to 1 day before the surgery, and the
number of unique surgeons in Window 1 represents the count of surgeons scheduled
based on those listings. The number of cases listed generally begins to appear 91 days
before the surgery date, with most cases being scheduled within 30 days of surgery.

In addition to these core features, we have engineered new features to capture
surgical demand trends. These include the average, minimum, maximum, and SD of
the daily maximum number of open ORs over the previous 5, 10, 20, and 30 days. By
incorporating these features, the model better reflects recent shifts in demand.

We have also incorporated features that account for seasonal and temporal effects.
These include the day of the week, surgical day color code, week number, day in
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month number, month number, and indicators for pre/post holidays and spring break.
The surgical day code used at Mayo Clinic to assign different specialties to perform
surgeries on different days is labeled as blue or orange days. The pre/post-holiday
feature is a binary variable set to 1 if the surgery occurs the day before or after a
holiday and 0 otherwise. Similarly, the spring break feature is set to 1 if the surgery falls
within the spring break period and 0 otherwise. These features enhance the model’s
ability to capture seasonality, providing a better context for fluctuations in surgical
demand.

Anesthesia division is also a key factor in our model. Each anesthesia division faces
unique surgical demands and performs different types of surgeries, directly impacting
the number of open ORs. At Mayo Clinic in Rochester, the surgical department is
divided into 9 main anesthesia divisions (eg, cardiovascular surgery, neurologic surgery,
pediatric surgery).

Using these features, we have built a robust dataset based on historic data from
May 5, 2018 through October 8, 2023. For each surgery date, the dataset includes the
corresponding feature values and the label for that day, representing the daily max-
imum number of open ORs. This dataset is used to train the AI model to capture
the complex relationships between the features and the label. To ensure the model’s
robustness and accuracy, we develop a continuous and streamlined data pipeline
that maintains data consistency across all stages of the model’s lifecycle—spanning
training, validation, testing, and prediction. This pipeline automates the entire data
flow, from raw data collection to feature engineering, ensuring that the model always
receives high-quality, up-to-date information.

4 Methodology

In this section, we present the architecture of our model, detail the hyperparameters
tuned during training, and describe the procedures for training and evaluation in this
study.

4.1 Model Architecture: Wide and Deep Network

We formulate a deep neural network with a deep and wide architecture. By combining
the wide component with the deep component, we aim to leverage the strengths of
both components and build a robust and accurate model. Here we describe the 4
elements of the network: 1) wide, 2) deep, 3) input layer, and 4) output layer.

4.1.1 Wide Component

The wide component is crucial for safely integrating all categorical features into our
model. Our dataset contains various categorical features with multiple levels, like day
numbers with 31 levels and week numbers with 53 levels, which can result in a sparse
input dataset after one-hot encoding. If we only use the deep component of the net-
work, we may lose the original input information by branching into a sparse dataset.
Incorporating a wide component helps to safely consider all categorical features in the
model. Through the wide component, the inputs are passed to the output layer with
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specific weights, allowing the model to remember important details [26]. Given the
memorization abilities, we also categorize and include the most important numeric
features in the wide component. Additionally, we create feature crossings and incor-
porate them into this component. A list of all the features incorporated into the wide
component includes 1) temporal and seasonal markers such as week, day, and month
numbers, day of the week, surgical day code, and indicators for holidays and spring
break; 2) categorical identifiers like anesthesia division; 3) interaction terms, specifi-
cally crosses of month and day numbers, day and week numbers, and day of the week
with surgical day code; and 4) discretized numeric features, including the number of
listings and unique surgeons partitioned into 20 buckets. The choice of 20 buckets is
arbitrary and can be tuned as a hyperparameter during model optimization.

4.1.2 Deep Component

The deep component allows the network to learn complex interactions and relation-
ships between features. Deep neural networks have been shown to be effective in
capturing nonlinear relationships and extracting high-level representations from data
[26]. The deep component of our network consists of multiple dense layers with Recti-
fied Linear Unit activation, followed by dropout regularization to prevent overfitting.
This regularization technique enhances the model's robustness and generalization
capabilities. We input all the numerical features along with selected categorical fea-
tures to the deep component. The features integrated into the deep component consist
of: 1) primary numerical inputs, specifically the number of listings and unique sur-
geons; 2) trend-based features, such as the rolling average of open ORs over the
previous 30 days; and 3) key categorical variables, including anesthesia division, day
of the week, surgical day code, pre/postholiday indicators, and week numbers.

4.1.3 Input Layers

All features, categorical and numeric, are fed into the input layer. We've normalized
the numerical features and used Keras preprocessing layers to one-hot encode the
categorical features through the input layers. Additionally, through the input layer,
we categorize the number of listings and number of unique surgeons and create feature
crossings.

4.1.4 Output Layer

The output layer generates the final prediction and consists of a single neuron. In our
case, we use a regression task with Rectified Linear Unit activation to predict our
target.

4.2 Hyperparameters Tuning

In this study, we use Bayesian optimization to tune a comprehensive set of hyperpa-
rameters, including learning rate, depth, width, dropout rate, and L2 regularization
rate. These hyperparameters play crucial roles in influencing the model's performance.
The learning rate governs the adjustment rate of model parameters during train-
ing, while depth and width determine the architecture of the deep component. The
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dropout rate helps prevent overfitting by randomly dropping out neurons during train-
ing. Finally, L2 regularization rate specifies the strength of L2 regularization applied
to the model's weights to further mitigate overfitting.

4.3 Training Procedure and Model Evaluation

For model training, we employ the Adam optimizer with a mean squared error (MSE)
loss function and root mean square error (RMSE) is used to quantify the model's
predictive accuracy. To optimize performance, we train the model over 500 epochs.
Upon completing the training process, the model with the lowest RMSE is identified
as the best-performing model and saved for future use.

This rigorous training and evaluation procedure ensures that the deployed model
possesses strong predictive capabilities and can effectively generalize unseen data. The
selection of RMSE as the evaluation metric aligns with the objective of minimizing
the difference between predicted and actual values, providing a reliable measure of the
model's accuracy.

4.4 Task Modeling and Division Grouping

In this study, our goal is to predict the target metric across anesthesia divisions at
Mayo Clinic in Rochester. Specifically, we focus on anesthesia divisions distributed
across 3 OR sites: Mayo Clinic Hospital – Rochester, Methodist campus (RMC), Mayo
Clinic Gonda Building, and Mayo Clinic Hospital – Rochester, Saint Marys cam-
pus (SMC). Collectively, these sites operate more than 100 ORs on a typical day,
contributing to over 60,000 anesthesia cases performed annually.

To improve prediction accuracy, we have grouped the anesthesia divisions into
5 categories based on shared operational and use patterns. Within each category,
fluctuations in total OR use tend to influence one another. By training a separate
model for each group, we aim to enhance predictive performance and better capture
the unique underlying dynamics of each group.

4.5 Model Deployment

Departmental leaders and operational managers access model predictions through a
Tableau dashboard [27]. Our automated pipeline generates daily predictions for the
dashboard. We implemented the inference pipeline in custom Python code [28] using
public cloud services and open-source software. The system requirements and technical
details of the pipeline are described in the following paragraphs.

The system requirements are notable in 2 respects: 1) a low prediction volume
and 2) minimal compute and memory requirements per individual prediction. Given
the modest scale and latency requirements, our design objective is an operationally
efficient deployment. Thus, we developed the inference pipeline as a batch job run
on serverless cloud compute. This approach minimizes idle resources and operational
support requirements. Our cloud environment is Google Cloud Platform, but similar
services are available from other public cloud vendors.

After training, selected models are saved in Hierarchical Data Format 5 and stored
in Google Cloud Storage. The inference pipeline uses Google’s Python Client library
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[29] to load models from Google Cloud Storage and inference data from Google
BigQuery.

The batch job runs in a Docker container [30]. The Docker container is based
on Python 3.9-slim and configured for compatibility with local security policies. Our
Python package is installed from our private Google Artifact Registry. The container
build process has been automated for reproducibility. The version of the inference code
that is deployed is pinned to a specific version of the project Python package. This
allows for updating system dependencies in the container for security while ensuring
we use the exact same version of project code for reproducibility. The project code was
packaged for Python using PDM and published in a private Google Artifact Registry
[31, 32].

The container was deployed as a Google Cloud Run Job [33] with a scheduled
execution trigger, daily at 1:30 PM to allow for all upstream ETLs (extract, transform,
load operations) to complete. The predictions are written to a BigQuery table, which
Tableau queries.

4.6 Model Validation

The released inference code and models were validated prior to deployment and gen-
eral availability by comparison between predictions made with the original inference
script/notebook and the predictions made by the packaged code. Any discrepancies
in features, predictions or CIs between the original data science code and the cloud
code were analyzed and resolved before deployment.

The model is deterministic and there were a few problems identified in the pre-
diction after translating to the cloud. However, we also provide Confidence Intervals
as part of the daily predictions which are generated by random sampling, and these
were more interesting. Fixing the random seed allows for reliable comparison with less
computation than needed for statistical convergence of the distribution estimate.

As the need arises, any changes to the inference code package are validated using
an automated test suite and comparison to historical predictions. Running in deter-
ministic mode is valuable for this aspect. This validation and deployment process is
repeated for any newly developed or trained model to ensure that what we deploy is
performing as designed.

5 Results

The results of this study are presented and analyzed using RMSE, which measures the
average magnitude of the errors between predicted and actual values. Additionally,
visualizations of predicted vs. actual values are provided, allowing for a more intuitive
understanding of the model's performance. The frequency and distribution of errors
are also examined, offering insights into the types of errors the model is most prone to.

5.1 RMSE Analysis Across Windows

The analysis of RMSE shows significant variations across different models. The model
for the total for Rochester campus has the highest variability, ranging from 5 to 7
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rooms. The models for SMC, RMC and Gonda show fluctuations ranging from 4 to
5 rooms, 2 to 4 rooms, and 1 to 3 rooms respectively. To provide clarity, the plot in
Figure 1 illustrates the RMSE for RMC; as the results show, the trend for RMSE is
increasing as we move to further windows. As expected, the best results are observed
for smaller window sizes.

Fig. 1 Root mean square error (RMSE) for Mayo Clinic Hospital – Rochester, Methodist campus
(RMC).

5.2 Actual vs Predicted

The daily actual and predicted maximum used ORs are plotted for different windows
and anesthesia divisions. The findings show the prediction models can predict daily
drops, peaks, and overall trends accurately for most of the windows and divisions. For
instance, the plot for RMC for window 4 (Figure 2) illustrates this effectively, where
the predicted closely tracks the fluctuations observed in the actual values.

5.3 Error Distribution

For each data point in the test set, the error is calculated as the actual value minus
the predicted value. The results show for each division and window, the distribution
of errors was approximately normal and centered around zero. For instance, the distri-
bution of errors for RMC and Window 4 is almost symmetrical around zero as shown
in Figure 3. The average error was -0.27, with an SD of 2.34, indicating that most
errors fell within the range of -2.61 and 2.07.

6 Conclusion

Fluctuating surgical demand poses persistent challenges for perioperative resource
management, with direct implications for staffing efficiency, provider well-being, and

11



Fig. 2 Actual (blue line) vs. predicted (orange line) daily maximum number of open operating rooms
for Mayo Clinic Hospital – Rochester, Methodist campus (RMC) at Window 4.

Fig. 3 Frequency and distribution of prediction errors for Mayo Clinic Hospital – Rochester,
Methodist campus (RMC) at Window 4.

patient care quality. In this study, we introduce a novel operational demand metric—
the daily maximum number of open ORs—and demonstrate that it can be predicted
with meaningful accuracy using deep learning models over intermediate- and longer-
term forecasting horizons.

Our results show that the proposed models effectively capture daily peaks and
drops in OR use across anesthesia divisions, providing actionable estimates of staffing
demand well in advance of finalized surgical schedules. Importantly, model perfor-
mance remains stable as the forecasting horizon extends to several weeks and months,
underscoring the robustness of the approach for medium-term roster planning. This
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capability is particularly valuable in perioperative environments, where staffing deci-
sions related to paid time off, academic duties, and administrative responsibilities must
be made before detailed case-level information becomes available.

These findings extend the existing literature on surgical demand forecasting and
perioperative planning in several important ways. Prior studies have largely focused
on predicting surgical case volumes [16, 17, 34], block utilization [6, 18–21], or sur-
gical durations [22–25], frequently treating demand as a fixed or deterministic input
to downstream scheduling and rostering models [15]. While such approaches have
advanced OR scheduling and reduced overtime and delays, they are less well suited to
informing upstream staffing allocation decisions that require an interpretable, aggre-
gate measure of concurrent demand. By contrast, the daily maximum number of open
ORs directly reflects peak staffing requirements for anesthesia services and other peri-
operative teams. Accordingly, our work complements and bridges existing research
by translating uncertain surgical demand into a staffing-relevant metric that aligns
naturally with roster management practices.

From an operational perspective, the ability to anticipate peak OR concurrency
offers tangible benefits. More accurate demand estimates can reduce conservative
overstaffing while mitigating understaffing that contributes to overtime, burnout, and
disruptions in patient care. By improving the quality of demand inputs to rostering
systems, the proposed framework supports more balanced staffing decisions, greater
provider control over schedules, and improved workforce sustainability.

This study has several important limitations that should be considered. The pro-
posed framework relies on deep neural network models, and although the selected
architectures achieved strong and consistent performance across divisions and forecast-
ing windows, further gains may be possible through more extensive architectural explo-
ration and hyperparameter tuning. In practice, however, the modeling space expands
rapidly due to the structure of the problem: separate models are trained for each fore-
casting window and anesthesia division group, resulting in many model configurations.
Comprehensive manual tuning across architectures following by hyperparameter tun-
ing is therefore computationally intensive. Consequently, model design choices reflect
a balance between predictive performance, scalability, and maintainability rather than
exhaustive optimization of individual models.

To address this limitation, future work could focus on developing an automated
training and evaluation pipeline capable of systematically exploring multiple model
architectures and hyperparameter configurations and identifying best-performing
models across divisions and forecasting horizons. In this study, we manually evaluated
several model architectures—specifically, determining which features should be fed into
the deep and wide components of the neural network—and selected an architecture
that performed reasonably well. Automating this process to evaluate combinations of
model architectures followed by hyperparameter optimization would enable more effi-
cient model selection at scale, while preserving consistency across the overall modeling
framework. Such an approach may further enhance predictive accuracy without sac-
rificing operational feasibility. Focusing on the refinement of the architecture, Neural
Architecture Search methods could be explored and have commercial tooling available
[35, 36]. Alternatively, agentic artificial intelligence approaches could be explored, in
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which autonomous agents iteratively search for optimal network structures and adapt
model architectures over time.

In summary, this study demonstrates that predicting the daily maximum num-
ber of open ORs is both feasible and operationally valuable. By introducing a novel
demand metric and a scalable deep learning framework, this work advances peri-
operative demand modeling and provides a practical foundation for more informed,
proactive, and sustainable surgical staffing decisions.
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