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Abstract
Objective: This study aimed to develop and evaluate an artificial intelligence (AI)-driven system for forecasting Pediatric Emergency Department 
(PED) overcrowding and optimizing physician shift schedules using machine learning operations (MLOps).
Materials and Methods: Data from 352 843 PED admissions between January 2018 and May 2023 were analyzed. Twenty time-series fore
casting models—including classical methods and advanced deep learning architectures like Temporal Convolutional Network, Time-series 
Dense Encoder and Reversible Instance Normalization, Neural High-order Time Series model, and Neural Basis Expansion Analysis—were 
developed and compared using Python 3.8. Starting in January 2023, an MLOps simulation automated data updates and model retraining. Shift 
schedules were optimized based on forecasted patient volumes using integer linear programming.
Results: Advanced deep learning models outperformed traditional models, achieving initial R2 scores up to 75%. Throughout the simulation, 
the median R2 score for all models was 44% after MLOps-based model selection, the median R2 improved to 60%. The MLOps architecture 
facilitated continuous model updates, enhancing forecast accuracy. Shift optimization adjusted staffing in 69 out of 84 shifts, increasing physi
cian allocation by up to 30.4% during peak hours. This adjustment reduced the patient-to-physician ratio by an average of 4.32 patients during 
the 8-16 shift and 4.40 patients during the 16-24 shift.
Discussion: The integration of advanced deep learning models with MLOps architecture allowed for continuous model updates, enhancing the 
accuracy of PED overcrowding forecasts and outperforming traditional methods. The AI-driven system demonstrated resilience against data 
drift caused by events like the COVID-19 pandemic, adapting to changing conditions. Optimizing physician shifts based on these forecasts 
improved workforce distribution without increasing staff numbers, reducing patient load per physician during peak hours. However, limitations 
include the single-center design and a fixed staffing model, indicating the need for multicenter validation and implementation in settings with 
dynamic staffing practices. Future research should focus on expanding datasets through multicenter collaborations and developing forecasting 
models that provide longer lead times without compromising accuracy.
Conclusions: The AI-driven forecasting and shift optimization system demonstrated the efficacy of integrating AI and MLOps in predicting PED 
overcrowding and optimizing physician shifts. This approach outperformed traditional methods, highlighting its potential for managing over
crowding in emergency departments. Future research should focus on multicenter validation and real-world implementation to fully leverage 
the benefits of this innovative system.

Lay Summary
Overcrowding in Pediatric Emergency Departments (PEDs) can lead to long wait times and reduced quality of care for children. This study devel
oped an artificial intelligence (AI) system to predict when overcrowding might occur and adjust doctors’ work schedules accordingly. By analyz
ing data from over 350 000 past patient visits, the AI learned patterns of when more children are likely to come to the emergency department. 
The system used advanced machine learning techniques and a process called machine learning operations to continuously update and improve 
its predictions. With these forecasts, the hospital could plan ahead, assigning more doctors during busy times and fewer during slower periods. 
This adjustment increased doctor availability during peak hours by up to 30%, reducing the number of patients each doctor had to see. This 
approach helped balance the workload among doctors and improved the patient-to-doctor ratio during busy times. The study found that the AI 
system was effective in forecasting busy periods and optimizing staffing, outperforming traditional methods. Implementing such an AI-driven 
system could enhance patient care, reduce wait times, and improve overall efficiency in PEDs. Future steps include testing this system in multi
ple hospitals and integrating it into real-world settings to fully realize its benefits.
Key words: Pediatric Emergency Department; forecasting; artificial intelligence; machine learning operations; time-series analysis; shift optimization; 
overcrowding. 

Introduction
Artificial intelligence (AI) usage for assessing electronic health 
records (EHRs) has been increasing significantly in recent  

years. The latest advancements in AI hold significant poten
tial and are primarily centered around clinical-focused solu
tions, such as prediction of prognosis of critically ill children, 
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forecasting overcrowding, predicting revisits, pediatric early 
warning, and clinical decision support systems.1–6 Although 
these solutions demonstrate promising outcomes, useful 
implementation into clinical workflows are challenging tasks 
that currently hinder their real-world application.7

The Pediatric Emergency Department (PED) is one of the 
busiest units in hospitals. It accommodates a wide variety of 
patients, including those with high-risk medical conditions. 
Overcrowding is a significant issue in emergency departments, 
and various studies have shown that it negatively affects 
patient care in pediatric emergency services.8,9 Many factors 
including overcrowding decrease staff satisfaction and increase 
burnout.10

The causes of hospital overcrowding can be summarized 
into 3 main factors: Input factors refer to external elements 
beyond the control of emergency departments, such as emerg
ing healthcare needs, an aging population, and seasonal dis
eases, all of which increase patient admissions. Throughput 
factors are internal processes that prolong patient length of 
stay, including specialist consultations, additional diagnostic 
tests, and inadequate staff capacity. Output factors involve 
bottlenecks caused by bed shortages or delays in transferring 
patients, leading to prolonged stays in the emergency depart
ment.11 This supply and demand imbalance results in pro
longed waiting times, delayed treatments, and increased 
complications, all of which negatively impact patient care and 
staff well-being.12

Various strategies, including fast track processes, telephonic 
triage, and telemedicine, are being explored internationally to 
mitigate overcrowding in emergency departments.12 Tools for 
predicting real-time overcrowding, such as The Emergency 
Department Work Index (EDWIN), International Crowding 
Measure in Emergency Departments (ICMED), Skåne Emer
gency Department Assessment of Patient Load (SEAL), and 
the National ED Overcrowding Scale (NEDOCS), have been 
implemented in diverse emergency department.13–16 Both 
models have undergone external validation with varied out
comes. Additionally, these models are oriented towards identi
fying crowding post-occurrence. Effective crowding models 
should enable ongoing assessment of crowding severity and its 
immediate causes. The ability to predict congestion before it 
materializes allows for preemptive measures to be taken.

In the context of PEDs facing overcrowding and resource 
limitations, the forecasting of patient demand on an hourly 
or daily scale emerges may be a critical strategy to improve 
this predicament.17 With reliable forecasting of PED 
demands, hospital managers are empowered to select the 
most effective strategies to manage expected high PED 
demands, thus ensuring optimal allocation of resources. Fur
thermore, these data can assist hospital management in estab
lishing a proactive patient flow strategy, optimizing the use 
of available resources and preventing overcrowding that can 
lead to stressful situations.4,18,19

This study presents SO-SAFED (Shift Optimization and 
System for Anticipating and Forecasting Emergency Depart
ment Crowding), an AI-driven architecture utilizing the as- 
yet infrequently published dynamic machine learning process 
known as machine learning operations (MLOps). Trained 
with dynamic EHR data, SO-SAFED aims to develop 
dynamic and highly consistent forecasting models for emer
gency department management. These models are intended 
to forecast the number of visits and optimize shift schedules 
for emergency department staff based on these results.

Thus, this study is the first to address overcrowding by 
using dynamic time-series forecasting models in an MLOps 
architecture to forecast patient volumes and optimize work
flows in a PED.

Methods
Data acquisition
Admissions of patients to the emergency department between 
January 2018 and May 2023 were analyzed in the study. 
Given the study’s nature as a time-series analysis, where the 
number of admissions was of significant interest, no patient 
was excluded from the study. Admission data were collected 
via structured query language (SQL) queries from the hospi
tal’s EHR system, resulting in datasets comprising visit counts 
across hourly, daily, weekly, monthly, and yearly time periods. 
Exogenous data were not included in the analysis. Following 
the acquisition of approval (GO 23/508) from the Institutional 
Review Board to enhance hospital service quality, this study 
was conducted as a retrospective analysis of the hourly clinical 
activity at a single PED at our reference academic medical cen
ter in Turkey is a high-volume unit equipped with 10 examina
tion rooms and 20 observation beds.

Data pre-processing and analysis
Time series often consist of single-feature linear data and 
aggregated features from specific time intervals. A dataset 
was constructed by aggregating patient application numbers 
according to hourly, daily, weekly, monthly, and yearly time 
periods. The analysis was performed univariately, and uni
variate descriptive analyses were conducted. Datasets were 
examined for trends, seasonality, and stationarity characteris
tics using time-series analysis tests. During the analysis, the 
augmented Dickey-Fuller (ADF) test was employed to evalu
ate stationarity. The ADF test was used to determine if the 
time series was stationary, ensuring that the data did not con
tain a unit root which could affect the reliability of the model. 
It was observed that hourly data exhibited a higher degree of 
stationarity, and thus, the data were aggregated into hourly 
intervals. Analyses and models were developed using Python 
3.8 version. Data flows were facilitated through an auto
mated MLOps data pipeline, which transferred data from 
weekly EHR to object storage, converted it into hourly data, 
and then prepared it for model training.

Forecasting models
In this study, models such as AutoRegressive Integrated Mov
ing Average (ARIMA), Seasonal AutoRegressive Integrated 
Moving Average (SARIMA), Theta, Exponential Smoothing, 
Croston’s Method, Prophet, Greykite, Extreme Gradient 
Boosting (XGBoost), Light Gradient Boosting Machine 
(LightGBM), CatBoost, Recurrent Neural Networks (RNN), 
Long Short-Term Memory (LSTM) networks, Gated Recur
rent Units (GRU), Deep Linear Models (D-Linear), Temporal 
Fusion Transformer (TFT), Temporal Convolutional Net
work (TCN), Neural High-order Time Series(N-HiTS) 
model, Neural Basis Expansion Analysis (N-BEATS), and 
Time-series Dense Encoder and Reversible Instance Normal
ization (TiDE RIN) were utilized. Both classical time-series 
analysis methods and advanced deep learning architectures 
from the open-source Darts library (version 0.8.1) were 
employed.20,21
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During significant events such as pandemics or natural dis
asters, widespread changes in human behavior can induce 
concept drift, which can severely impact the performance of 
real-time forecasting models. Consequently, monitoring data 
patterns in models that employ the MLOps architecture 
becomes essential. In this study, the Kolmogorov-Smirnov 
(KS) test was employed to address this issue. The KS test was 
conducted on identically sized windows, comparing the empir
ical cumulative distribution functions to detect concept drift 
without making any assumptions about the data distribution. 
This approach ensures that any deviations in data patterns are 
promptly identified and addressed, thereby maintaining the 
accuracy and reliability of the forecasting models.22

Model performance metrics
In this study, a comprehensive set of metrics was used to evalu
ate the precision and robustness of the time-series forecasting 
models. These metrics included Mean Absolute Error (MAE), 
Mean Squared Error (MSE), Mean Absolute Percentage Error 
(MAPE), Symmetric Mean Absolute Percentage Error 
(SMAPE), Root Mean Squared Error (RMSE), Root Mean 
Squared Logarithmic Error (RMSLE), and R-squared (R2), 
each selected for a thorough assessment of model performance.

Particular emphasis was placed on the R2 metric, which 
indicates the proportion of variance in the predicted values 
explained by the independent variables. R2 ranges from 0 to 
1, with higher values indicating better goodness-of-fit. In this 
study, 20 models were developed for each of the 4 architec
tures, totaling 80 models. While hundreds of metrics were 
evaluated, the results section focused on R2 to demonstrate 
the models’ fit and to facilitate comparisons with existing lit
erature. The prominence of R2 in time-series MLOps frame
works further highlights its importance in evaluating model 
performance.

Machine learning operating system architecture
In this study, due to its retrospective nature, the direct use of a 
live MLOps architecture was precluded. Instead, an MLOps 
architecture was simulated starting from January 2023. In this 
simulation, it was assumed that data from the hospital informa
tion system were continuously and securely transferred to object 
storage weekly and accumulated there. It was also presumed 
that the cumulatively updated data underwent specified data 
preprocessing operations and were used to train models weekly.

In our MLOps simulation, we established an architecture 
demonstrated in Figure 1 to evaluate the post-training test area 
and subsequent real-world performance for 4 selected models. 
The models were developed on Sundays, starting with the first 
model constructed using data from January 1, 2018, to Decem
ber 25, 2022, up to 1 week prior to the start of the simulation. 
Data from December 25, 2022, to January 1, 2023, were pre
dicted, and based on the highest R2 score, the best-performing 
model was selected to produce forecasts for the week of Janu
ary 1 to January 7, 2023. This process was repeated weekly 
until May 31, 2023, amounting to a total of 20 iterations. 
Each week, the models were retrained with a cumulative train
ing series that incorporated data from the previous week. Every 
Sunday, the forecasting results were compiled and presented to 
the emergency department manager for approval. This process 
allowed for prompt adjustments to the staffing schedule based 
on the most recent data, ensuring that staffing levels were 
aligned with the predicted patient demand for the upcoming 
week. Additionally, model deviation was monitored using the 
Kolmogorov-Smirnov test, and models showing a significant 
difference in performance metrics were disregarded.

Shift optimization by forecasted data
Shift scheduling involved 3 patterns: 08-16 (08:00-16:00), 
16-24 (16:00-24:00), and 24-08 (24:00-08:00), with 4 

Figure 1. Overview of model training and deployment in the MLOps simulation. In the MLOps simulation, 2 primary areas are identified: the 
development area, where models are trained and tested, and the deployment area, where models are utilized in real-world applications. In this 
simulation, models trained on weekly cumulative data in the development phase were evaluated for prediction performance using real data. The model 
achieving the highest R2 score was then deployed for generating forecasting results for the following week. Initially, base models were developed 1 
week prior to the start of the simulation. Actual models were determined at the commencement of the simulation and were subsequently used every 
week until the simulation concluded.
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standard physicians per shift. Weekly predictions were gener
ated using hourly forecasting models, with patient admissions 
as the workload metric. April 2023 served as an example. 
The linear programming method from Python’s Pulp library 
(version 2.9.0) was used to optimize shifts based on fore
casted hourly admissions. The optimization ensured a mini
mum of 2 and a maximum of 8 physicians per shift, without 
requiring external labor. This process was repeated for 4 
weeks in April 2023, and the impact was assessed by compar
ing patient-to-physician ratios across the period.

Results
Among the 352 843 total PED visits, the median age of the 
patients was 75 months [interquartile range (IQR): 24-117], 
54.3% were male, and 45.6% were female. The most fre
quent complaint was fever at 18.31% (n¼58 937), followed 
by cough at 12.49% (n¼ 44 070), nausea and vomiting at 
5.51% (n¼ 19 464), general weakness at 5.43% 
(n¼19 159), and abdominal pain at 4.71% (n¼16 620). 
The most common hours for patient visits were 21:00 
(n¼28 002), 20:00 (n¼27 925), and 22:00 (n¼23 676). 
The busiest days of the week were Sunday (n¼ 58 021) and 
Saturday (n¼53 536), and the busiest months were January 
(n¼41 028), December (n¼36 526), and November 
(n¼32 040). Monthly evaluations of visit numbers up to 
2023, as shown in Figure 2, revealed a sudden drop in 2020 
due to the COVID-19 pandemic and the resulting quarantine, 
which dramatically reduced the number of visits. By June 
2021, after the pandemic measures were fully lifted, the visit 
patterns returned to previous levels starting in August. In 
August 2022, a dramatic increase in visits was observed due 
to a regional infection outbreak, reaching unprecedentedly 
high numbers.

The ADF test conducted on the hourly aggregated data 
resulted in a test statistic of −7.11 with a P-value of less than 
3e−10. Therefore, the ADF test rejects the null hypothesis 

(P< .05) of non-stationarity, indicating that the residuals are 
stationary. Consequently, the data were subjected to aggrega
tion based on the number of hourly applications. In the devel
opment phase of the experimental model, the adequacy of 
baseline models was evaluated using time-series analysis 
techniques. It was observed that advanced deep learning 
architectures such as TCN (R2: 73%), TiDE-RIN (R2: 75%), 
N-BEATS (R2: 72%), and N-HiTS (R2: 57%) outperformed 
traditional time-series models like ARIMA (R2: 16%), LSTM 
(R2: 32%), and RNN (R2: 40%). Many of these models were 
significantly impacted by concept drift during the COVID-19 
period and struggled to improve their performance in the 
post-COVID era. Consequently, the models were retrained 
using data exclusively from the post-COVID period, but this 
approach resulted in lower performance compared to train
ing with the entire dataset. The 4 selected models demon
strated superior forecasting performance when trained on 
data encompassing both pre- and post-COVID periods, offer
ing better generalization, scalability, and adaptability to the 
problem at hand. Therefore, model training continued using 
the complete dataset covering the entire study period. As a 
result, these models were chosen for further development in 
the project, with a focus on enhancing time-series forecasting 
accuracy.

Per the simulation protocol (Figure 3), the models were 
trained weekly on Sundays using a dataset that also incorpo
rated data from the preceding week. A 1-month forecasting 
was conducted with these trained models, and the predictions 
for next week were stored in the database for subsequent 
model drift analysis. The performance of the models was 
assessed by comparing the weekly forecasts to the actual 
data, with the weekly R2 scores presented in Figure 4. 
Throughout the simulation, the performance metrics of the 
20 developed models are displayed.

Throughout the simulation, it was observed that the 
median R2 score for all models was 44% (IQR: −2.5% to 
60%). On the other hand, when only the first model was 

Figure 2. Monthly patient visit numbers by year. Monthly patient visit trends from 2018 to 2022 are shown. The graph displays the fluctuations in the 
number of patient visits each month, highlighting significant variations across different years.
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used throughout the entire simulation, the median value for 
the 4 models was calculated as 12% (IQR: −12.3% to 
36.3%). During the prediction phase, the median R2 score 
for models selected based on the highest R2 score monitor
ing was 63% (IQR: 58% to 69.5%). For the forecasting 
phase, the median R2 score of the selected models was 

60% (IQR: 57% to 67.2%). Detailed weekly performances 
of the model R2 scores are presented in a heatmap in  
Figure 5.

Before the optimization, it was standard for 4 doctors to 
work each shift, with each doctor expected to attend to an 
average of 16 patients per shift. After the optimization, 

Figure 4. Weekly average R2 values for forecasting models. After developing the TCN and TiDE-RIN models, 50 different forecasts were made, and the 
average values of these results were used to create the final forecasting results. In the line graph above, a cycle of the first week of the simulation for the 
TCN model is shown. The red line represents the training data, the purple shaded area indicates the distribution range of the fifty different forecasting 
results, and the central line within this area shows their average values. The blue line represents the actual data of the forecasting horizon. N-BEATS ¼
Neural Basis Expansion Analysis; N-HiTS ¼ Neural High-order Time Series model; TCN ¼ Temporal Convolutional Network; TIDE ¼ Time-series Dense 
Encoder.

Figure 3. Comparison of TCN model forecasts with actual data for a 1-week simulation cycle. Monthly patient visit trends from 2018 to 2022 are shown. 
The graph displays the fluctuations in the number of patient visits each month, highlighting significant variations across different years.
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changes were made in 69 out of 84 shifts. Following the 
shift optimization, it was observed that 30.4% (n¼21) of 
shifts were assigned 2 physicians, 10.1% (n¼7) of shifts 
were assigned 3 physicians, 47.8% (n¼33) of shifts were 
assigned 5 physicians, and 11.5% (n¼ 8) of shifts were 
assigned 6 physicians, with 85% of shifts modified accord
ingly. In the optimized shifts, an analysis of the number of 
patients seen per physician in shifts where 4 doctors were 
not working revealed that, on average, each physician saw 
3.75 (IQR: -4.25 to 4.55) fewer patients per shift. When 
examined across 3 different shifts, the median number of 
patients seen per physician decreased by 4.32 (IQR: 4.01 to 
5.13) during the 8-16 shift, by 4.40 (IQR: 3.88 to 4.75) 
during the 16-24 shift, while it increased by 5.37 (IQR: 
3.23 to 6.06) during the 24-08 shift. These results are 
visualized in Figure 6.

Discussion
In this study, time-series forecasting models, automated via 
MLOps architecture, were used to forecast hourly patient 

admissions on a monthly basis in a simulation environment 
with a retrospective dataset, enabling the use of the SO- 
SAFED technique. The forecast results were then utilized to 
optimize PED physician shifts, ensuring appropriate work
force distribution.

The Pediatrics Optimizing Pediatric Patient Safety in the 
Emergency Care Setting policy emphasizes data science and 
AI for improving patient safety and outcomes.23 AI-based 
clinical decision support is increasingly used for diagnosing 
patients, predicting admissions, and estimating hospitaliza
tion needs.24–27 In this study, optimizing physician shifts 
based on patient volume demonstrated the potential to 
improve hospital staff management. Similarly, machine learn
ing methods help manage operating room demand by predict
ing surgery durations, reducing unnecessary cancellations 
and optimizing surgery schedules.28–30 These studies show 
the benefits of AI in optimizing hospital workflows, but more 
validated studies are needed to demonstrate their real-world 
benefits.7

The potential for unexpected surges in emergency depart
ment crowding has always been a critical area of research. 

Figure 5. Weekly R2 performance monitoring of selected models during development and deployment phases. The heatmap presented illustrates the 
performance monitoring of 4 selected models throughout the simulation period. Weekly R2 scores are depicted, with values less than zero omitted to 
enhance the clarity of the color scale on the right. The upper heatmap details the performance of models during the development phase, highlighting 
those with the highest R2 scores marked with a crown. Conversely, the lower heatmap demonstrates the forecasting outcomes when these developed 
models were deployed and tested against actual data 1 week later. This layout facilitates a direct comparison between the models' performances during 
their development and after their deployment, enhancing the understanding of their predictive accuracy in real-world scenarios. During the week of 
February 5, a significant disaster led to concept drift, affecting the forecasting accuracy, which was evaluated as underfitted. N-BEATS ¼ Neural Basis 
Expansion Analysis; N-HiTS ¼ Neural High-order Time Series model; TCN ¼ Temporal Convolutional Network; TIDE ¼ Time-series Dense Encoder.
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Unlike previous studies, this research not only utilizes retro
spective data but also integrates continuous data streams 
through the MLOps architecture, enabling dynamic model 
training processes and providing seamless weekly and 
monthly forecasting capabilities. Previous studies, such as 
EDWIN, ICMED, SEAL, and NEDOCS, predicted crowding 
severity based on real-time data or provided short-term fore
casts (4-5 hours) with diminishing performance over time.4,31

Whitt et al. demonstrated that in classical time forecasting 
models such as SARIMA and ARIMA, forecasting horizons 
longer than 4 hours decreased model performance. They 
stated that a 4-hour forecasting horizon was sufficient, as 
patient processes would be completed by then.30 However, it 
was observed that although crowding could be predicted in 
the PED with this approach, the advantage of this prediction 
could not be realized in real life. In contrast, SO-SAFE aims 
to optimize the workload based on the forecasted crowding. 
In the studies by Harrou et al., the R2 metric for forecasting 
performance exceeded 90% for 1-hour predictions but 
dropped to around 50% for 4-hour forecasts. In the SO- 
SAFE study, among the 4 most consistently accurate models 
developed experimentally, the one with the highest weekly 
forecasting R2 performance was automatically selected, con
sistently providing a relatively high accuracy of around 70%.

In this study, R2 was chosen as the primary performance 
metric for its consistency and interpretability across datasets. 
Unlike MAE, MSE, MAPE, SMAPE, and RMSE, which are 
influenced by data scale and distribution and can be difficult 
to interpret, R2 provides a standardized measure of a model’s 
explanatory power, ranging from 0 to 1 for good fits. A value 
of 1 indicates a perfect fit, while negative values highlight 
poor performance, offering a clearer assessment of regression 
models. Chicco et al. reported that R2 is more informative 
and realistic than SMAPE and avoids the interpretability limi
tations of MSE, RMSE, MAE, and MAPE, recommending it 

as the standard metric for evaluating regression analyses in 
any scientific domain.32

Advanced deep learning models like TCN, TiDE-RIN, 
N-BEATS, and N-HiTS outperform traditional time-series 
models (ARIMA, LSTM, RNN) by effectively capturing com
plex temporal dependencies and patterns. Traditional models 
often struggle with long-term dependencies and non-linear 
relationships, especially in dynamic environments like 
post-COVID-19 healthcare settings. TCN models long 
sequences without information loss, and TiDE-RIN captures 
intricate temporal interactions, providing robust forecasting 
frameworks. N-BEATS and N-HiTS enhance predictive accu
racy by decomposing time-series data into meaningful com
ponents and modeling multi-scale temporal patterns. The 
decline in model performance with post-pandemic data 
underscores the challenges of data shifts, highlighting the 
need for models that are both accurate and adaptable to 
changing conditions. Therefore, these advanced models are 
more suitable for continued development, offering a strong 
foundation for improving time-series forecasts in pediatric 
emergency room settings.

Although machine learning (ML) has existed since the 
1980s, early failures led to the “AI winter.”33 Recent 
advancements, however, have successfully integrated AI into 
various business processes, driving significant transforma
tions across sectors.34–36 In healthcare, ML has revolution
ized clinical decision-making, telemedicine, and patient 
management.37,38 However, many projects fail to progress 
from development to real-world application due to manual 
workflow management that hinders full automation.39,40

This underscores the need for standardized, automated ML 
processes, positioning MLOps as critical.41 MLOps merges 
software engineering with ML development to ensure effi
cient pipelines, training, and deployment, maintaining secur
ity and efficiency through continuous monitoring.42,43 By 

Figure 6. Comparison of patient distribution per physician across different shift schedules. The illustrated boxen plot shows the distributions in deciles, 
with a horizontal dashed line indicating an average of approximately 16 patients per physician when 4 physicians are assigned per shift as standard. The 
blue and red boxen plots represent the patient distribution per physician for 3 daily shifts according to the shift schedule, with the red indicating the 
optimized shifts and the blue indicating the standard schedule. According to the plot, the number of patients per physician decreased during the 8-16 and 
16-24 shifts, while it increased during the 24-08 shift. However, the increased number of patients during this shift is still shown to be below the average 
number of patients.
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integrating automation, Continuous Integration (CI), and 
Continuous Delivery (CD), MLOps facilitates efficient 
deployment and sustained accuracy.44 Despite its importance, 
MLOps research is nascent; understanding factors affecting 
its implementation is crucial as ML adoption grows.39,43,45

In time-series models, AI learns patterns from longitudinal 
data for accurate forecasts. Retrospective data enhances per
formance more than prospective data. Streaming data models 
need continuous updates; manual updates cause inefficiency 
and reduced performance. By incorporating prospective data 
post-deployment, MLOps enhances robustness against data 
or concept drift, preventing performance degradation from 
infrequent retraining.22 This study demonstrates how 
MLOps automates data ingestion, model training, and 
deployment, enabling continuous updates and improving pre
diction accuracy, making the transition from theory to prac
tice more reliable.

In simulations, automatic model selection in response to 
data drift improved median performance by approximately 
16%. Without MLOps, median R2 values were around 12%; 
with MLOps, performance improved by 38%, due to robust 
monitoring, automatic retraining, and seamless data integra
tion. MLOps also enhances collaboration, governance, and 
resource optimization, leading to better decision-making and 
operational efficiency.

Data drift can significantly impact the performance of ML- 
based software in medical applications, as abrupt shifts in 
data distribution can challenge models trained on historical 
data patterns.46,47 In our dataset, 2 major instances of data 
and concept drift were observed: the COVID-19 pandemic 
and the February 2023 earthquake that affected a significant 
portion of Turkey.

In many time-series analyses, the COVID-19 period is 
excluded due to the concept drift it introduces, with modeling 
typically starting from the post-pandemic normalization 
phase. However, this approach substantially reduces the data
set length, limiting the model’s ability to capture historical 
trends. In our study, we found that including the entire dataset 
from 2018 to 2023, covering both pre- and post-COVID peri
ods, resulted in better model performance compared to using 
only post-COVID data. The extended time series allowed the 
models to capture a wider range of patterns and seasonal 
trends, thereby enhancing predictive accuracy.

Following the February 2023 earthquake in Turkey, a sig
nificant drop in patient admissions introduced a sudden data 
drift that impacted model accuracy. For instance, this disrup
tion led to decreased predictive performance in previously 
effective models, such as N-HiTS and N-BEATS, which 
struggled to adapt. In contrast, models like TiDE-RIN and 
TCN, which utilize recurrent example normalization, demon
strated greater resilience and accuracy under these condi
tions, with predictive performance improving as more post- 
earthquake data became available (Figure 4).21 This experi
ence underscores the importance of accounting for data and 
concept drift, as these factors critically influence model 
adaptability and robustness in the face of unforeseen events.

Without adding physicians, the algorithm-optimized shifts 
showed notable improvements. Initially, both the busiest (16- 
24) and least busy (24-08) shifts had the same number of 
physicians due to equal distribution. Post-optimization, 
patient load per physician increased during the 24-08 shift 
but stayed below the average of 16 patients. Conversely, dur
ing the 16-24 shift, each physician saw nearly 5 fewer 

patients, just above the overall average. Without optimiza
tion, physicians during peak hours would have managed 5 
more patients each. The optimization reduced per-physician 
patient load during the busiest hours, enhancing resource uti
lization efficiency. However, it did not account for unmeas
ured variables; it was based on hourly aggregated patient 
arrivals, while patients have diverse medical needs. Conse
quently, fewer arrivals during the 24-08 shift may still involve 
ongoing cases from the busier 16-24 shift.

It is important to note that our hospital traditionally 
employed a steady-state staffing model, assigning 4 physi
cians per shift regardless of temporal fluctuations in patient 
volume. This practice, intended to maintain fairness by equal
izing shift assignments among physicians, led to significant 
discrepancies between staffing levels and actual patient 
demand. Our optimization intervention highlighted this inef
ficiency and demonstrated the potential benefits of adjusting 
staffing based on predictive models. However, we acknowl
edge that this baseline staffing strategy is not representative 
of the dynamic scheduling practices used in many other 
healthcare settings.

The adoption of AI in healthcare encounters significant 
challenges due to the complex nature of health data, hinder
ing its widespread use. Effective implementation requires 
strategies that support behavioral changes and clear results 
for various roles.7 Technical challenges related to model vali
dation and integration into clinical workflows must be 
addressed with consideration of ethical, legal, and moral 
issues. The perception of AI by healthcare providers and users 
is crucial for acceptance. We encountered difficulties in real- 
world application, necessitating further studies to ensure pro
gram acceptance and adaptation. Transparent model explan
ations and careful validation are vital for accuracy and 
reliability, contributing positively to patient care and poten
tially reducing clinician burnout.48 Organizing working 
hours based on patient arrivals may improve care quality and 
decrease burnout, though more research is needed.49

The limitations of this study are its focus on data from a 
single PED, which limits the generalizability of the findings. 
To enhance applicability, future studies must collaborate 
with multiple departments to collect larger and more diverse 
datasets. Federated learning (FL) represents a significant 
advancement in this context, allowing data processing from 
different centers without centralization, thereby preserving 
privacy while enabling extensive data collection.50 Reviews 
indicate that FL facilitates multicenter collaborations without 
sharing patient data, which is crucial for evaluating model 
performance across diverse demographics and pathologies.51

Employing techniques like FL in future research will help 
overcome current limitations by continuously evaluating and 
improving models with data from various centers, ensuring 
the findings apply to a broader patient population. Focusing 
on multicenter validation is essential to fully realize the bene
fits of this innovative approach in enhancing healthcare effi
ciency and patient outcomes, although additional efforts are 
needed for real-world implementation.

Additionally, our staffing model and prediction timing 
present limitations. We optimized a staffing strategy that uni
formly assigned 4 physicians per shift, not accounting for 
fluctuations in patient volume, which may not reflect settings 
with dynamic staffing practices. Also, generating predictions 
on Sundays for the upcoming week provides limited time to 
adjust staff schedules, affecting practicality. Future research 
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should implement the optimization model in environments 
with variable staffing and develop forecasting models that 
provide longer lead times without compromising accuracy. 
We are currently applying these adjustments in a real-world 
setting to evaluate their effectiveness.

Conclusion
In conclusion, our study successfully applied a novel MLOps 
architecture to forecast PED overcrowding and optimize 
physician shift schedules. This approach demonstrated supe
rior performance compared to traditional forecasting meth
ods by utilizing dynamic and automated machine learning 
processes, ensuring continuous data updates and adjustments 
for data drift. Tested in a simulated environment, the SO- 
SAFED system has demonstrated that it optimizes workforce 
allocation, has the potential to improve resource allocation, 
and may improve patient care by anticipating periods of high 
demand. This study is the first to utilize MLOps architecture 
for PED overcrowding forecasting, contributing significantly 
to the literature.
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