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Abstract

Unpredictable fluctuations in patient visits often lead to resource unpreparedness and decreased service quality in hospitals.
This study aims to develop an early warning system for patient surges across 110 healthcare service units. Unlike conventional
approaches utilizing static thresholds, this study proposes a Statistical Anomaly Detection method based on Z-Score for
dynamic labeling and applies Synthetic Minority Over-sampling Technique (SMOTE) to address extreme data imbalance.
Three classification algorithms—Gradient Boosting Classifier (GBC), Random Forest (RF), and Support Vector Machine
(SVM)—were compared using time-series lag features and volatility trends. Experimental results demonstrate that Gradient
Boosting outperformed other methods, achieving the highest F1-Score of 37.35% and a Recall of 48.98%. Although the F1-
Score reflects the extreme nature of the data imbalance, achieving high recall is explicitly prioritized in healthcare operations
to minimize the critical risk of missed surge events. This study concludes that integrating statistical anomaly-based labeling
with ensemble boosting algorithms effectively mitigates noise in heterogeneous hospital visit data, thereby serving as a reliable
basis for proactive managerial decision-making.

Keywords: Data Mining; Gradient Boosting; Patient Surge; Z-Score; Time-Series Prediction.

1. Introduction However, the majority of the current literature
focuses heavily on aggregate predictions, such as total
Uncertainty in patient visit and admission volumes hospital arrivals or overall bed demand. The critical
poses a critical challenge to modern hospital aspect of detecting abnormal surges at the individual
operational management. Patient surges—particularly service unit level (e.g., specific clinics or wards)
in Emergency Departments (ED) or inpatient care— remains underexplored, despite its vital role in
can lead to resource overload involving medical staff, granular capacity management. A systematic review
beds, and treatment facilities. This condition has been indicates that classical statistical methods and "one-
specifically linked to increased waiting times, patient size-fits-all" static thresholds are often less sensitive
boarding, and higher safety risks (Tuominen et al., to the high heterogeneity of data across different
2024) To anticipate these surges and optimize service units (Jiang et al., 2023).
resource allocation, recent studies have increasingly Addressing this specific gap, this study introduces
adopted data-driven approaches and machine learning a dynamic labeling approach based on statistical
(ML). anomalies (Z-Score) to detect patient surges relative to
Previous research has demonstrated the specific service unit baselines, providing a more
effectiveness of ML in various forecasting scenarios precise alternative to static global thresholds. To
within healthcare. For instance, XGBoost has been handle the inherent extreme data imbalance, the
utilized to predict short-term ED admissions based on Synthetic  Minority  Over-sampling  Technique
real-time records (King et al., 2022), while Support (SMOTE) is applied. Finally, this research performs a
Vector Machine Regression (K-SVR) has shown low comparative analysis of three classification
error rates in forecasting weekly inpatient bed algorithms—Gradient Boosting Classifier (GBC),
demands (Tello et al., 2022). Furthermore, integrating Random Forest (RF), and Support Vector Machine
calendar variables, weather data, and time-series (SVM)—incorporating time-series lag features and
feature engineering into non-linear models like volatility trends. This study aims to identify the most
Random Forest (RF) has significantly enhanced the robust algorithm to serve as a reliable early warning
accuracy of daily patient arrival predictions (Pelaez- system, thereby strengthening proactive resource
rodriguez et al., 2024; Porto & Fogliatto, 2024; allocation and minimizing overload risks in multi-
Tuominen et al., 2022). service hospitals.
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2. Theoretical Framework
2.1 Capacity Management and the Patient Surge
Phenomenon

Patient surge is defined as a sudden increase in
patient volume that exceeds the standard operational

capacity of a healthcare service unit (Hick et al., 2013).

This phenomenon frequently leads to overcrowding,
which negatively impacts patient safety and clinical
efficiency. Theoretically,  hospital  capacity
management seeks to balance demand (patient visits)
and supply (staff, beds). However, the stochastic
nature of visit data, coupled with seasonal influences,
complicates the use of static capacity planning
methods (Hoot & Aronsky, 2020). Therefore,
predictive approaches are necessary to anticipate
workload anomalies before they occur.

2.2 Data Mining and Imbalanced Learning

Data mining is the process of extracting non-trivial
patterns from large datasets to yield useful knowledge.
In the context of medical prediction, a primary
challenge often encountered is class imbalance.
Statistically, "Surge" events are rare (minority)
occurrences compared to "Normal" conditions
(majority) (Haibo He & Garcia, 2009). Standard
algorithms often exhibit a bias toward the majority
class. Consequently, appropriate preprocessing
strategies and the selection of algorithms robust to
data imbalance, such as Ensemble Learning methods,
are crucial in this study.

2.3 Statistical Anomaly Detection

In contrast to static thresholding approaches,
which assign a fixed limit across all units, statistical
approaches detect outliers based on the distribution of
historical data. One of the most robust methods
employed is the Z-Score (Standard Score).

The Z-Score quantifies the distance a data point
deviates from its population mean, expressed in units
of standard deviation. The mathematical formula for
the Z-Score is presented in Equation (1) as follows:

7="0 (D)
O-S
As represented in Equation (1), X; denotes the
volume of patient visits during a specific period, while
Us and O represent the mean and standard
deviation, respectively, of the service unit's historical
data.

In this study, the Z-value serves as the basis for
dynamic class labeling. If the Z-value exceeds a
specific threshold (e.g., > 0.85), the data point is
classified as an anomaly or 'Surge' (Aggarwal, 2017).
This approach enables scale normalization across
service units characterized by heterogeneous data
volumes.
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2.4 Classification Algorithms
This study compares three prominent machine
learning algorithms to determine the optimal model

2.4.1 Random Forest (RF)

Random Forest is an ensemble algorithm based on
the Bagging (Bootstrap Aggregating) technique. This
algorithm constructs multiple decision trees in parallel
and aggregates their prediction outcomes through a
majority voting mechanism.

The primary advantage of RF lies in its capability
to handle high-dimensional data and mitigate the risk
of overfitting often associated with single decision
trees. (Breiman, 2001).

2.4.2 Support Vector Machine (SVM)

SVM is a supervised learning algorithm that
operates by identifying the optimal hyperplane to
separate two data classes with the maximum margin.
For non-linearly separable data, SVM employs the
Kernel Trick technique (such as the RBF Kernel) to
project data into higher-dimensional spaces. SVM is
renowned for its robust generalization performance,
particularly on datasets with limited yet complex
sample sizes (Cortes & Vapnik, 1995).

2.4.3 Gradient Boosting Classifier (GBC)

Gradient Boosting is an ensemble technique that
constructs models sequentially. Unlike RF, which
builds trees independently, GBC constructs new trees
to correct the residual errors of their predecessors.

Mathematically, the model aims to minimize a loss
function using the gradient descent method. This
algorithm frequently yields higher prediction accuracy
compared to RF, particularly on datasets featuring
subtle anomaly patterns or class imbalance (Friedman,
2001).

2.5 Time-Series Feature Engineering

Given the time-series nature of patient visit data,
the incorporation of temporal features is a
fundamental aspect of this modeling framework. This
study implements feature engineering techniques
utilizing Lag Features and volatility analysis.
Specifically, Lag Features are leveraged to capture
historical dependencies by using visit data from prior
time steps (t-1, t-2) as predictors for the current
state. Concurrently, service stability within a specific
time window is quantified using Rolling Standard
Deviation (volatility). The integration of these features
enables classification algorithms to go beyond merely
processing isolated data points; it allows them to learn
trend patterns and the momentum of data fluctuations
in depth (Hyndman & Athanasopoulos, 2018).
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2.6 System Performance Evaluation

Given the limitations of relying solely on accuracy
to measure model performance in binary classification
tasks with imbalanced datasets, this study employs a
comprehensive suite of evaluation metrics. Beyond
calculating Accuracy as the percentage of total correct
predictions, the evaluation prioritizes Precision to
measure the model's exactness in predicting the
positive class ("Surge"), and Recall (Sensitivity) to
assess the model's capability to capture all actual surge
instances. Furthermore, as the primary indicator of the
model's efficacy in handling data imbalance, this study
utilizes the F1-Score, which represents the harmonic
mean of Precision and Recall (Sokolova & Lapalme,
2009).

3. Method

3.1 Research Framework

This research is conducted through a systematic
series of stages adopting the Knowledge Discovery in
Databases (KDD) standard. The process encompasses
data collection, pre-processing, feature engineering,
statistical anomaly-based labeling, comparative
modeling, and culminates in performance evaluation.
The research framework is illustrated in Figure 1.

3.2 Data Acquisition

The data utilized in this study constitutes
secondary data obtained from the daily patient visit
records of the Batam Concession Agency Hospital
(RSBP Batam), covering the timeframe from January
2021 to September 2025.

The dataset comprises 3,825 entries spanning 122
distinct service units (e.g., General Clinic, Emergency
Department, Radiology, etc.). The data attributes
include the record date, service unit name, visit type,
and total visit volume.

3.3 Data Preprocessing

The data preprocessing stage aims to guarantee
data quality prior to the modeling phase. This process
begins with data cleaning, which encompasses
addressing inconsistent values and the imputation or
removal of missing values. Furthermore, service
entries identified as having zero variance or being
inactive were eliminated to prevent potential model
bias (Han et al, 2022). Subsequently, data
transformation was performed by converting date
formats into datetime objects, followed by
chronological sorting based on Service Unit and
Record Date. This step is essential to preserve the
integrity of the temporal order, which is critical for
time-series analysis.
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Figure 1. Research framework

3.4 Feature Engineering

Given the time-series nature of the data, the
extraction of additional features is critical for
effectively capturing temporal patterns and historical
trends (Masini et al., 2023). Within this framework, a
set of features was constructed, comprising Lag
Features (t —n), Moving Average (M A3), and

Service Volatility (ammng) . Specifically, Lag
Features were generated by retrieving visit values
from the previous one (t - 1) and two months

(t - 2) , enabling the model to learn short-term
historical dependencies. Furthermore, general trends
were captured via a Moving Average with a three-
month window, while the stability of visit fluctuations
for each service unit was quantified using the
Volatility feature, calculated based on the rolling
standard deviation over the same period.
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3.5 Z-Score-Based Dynamic Labeling (Proposed
Method)

The primary contribution of this study is the

implementation of a dynamic labeling method
utilizing Statistical Anomaly Detection. Rather than
relying on static thresholds, the "Surge" status is
determined based on the statistical deviation from the
specific service unit's historical mean (Blazquez-
Garcia et al., 2022). The calculation of the Z-Score is
performed for every data point with reference to
Equation (1). Based on the calculation results, the data
is classified into two primary categories, namely Class
1 (Z > 0.85) to represent a Surge condition or Class
0 (Z < 0.85) to denote a Normal condition.
A threshold of 0.85 was selected based on empirical
experimentation, which isolates approximately 20%
of the most extreme occurrences as anomalies
warranting close attention, thereby yielding a dataset
significantly reduced in noise.

3.6 Modeling Scenarios

This study evaluates the comparative performance
of three distinct Supervised Learning algorithms. First,
the Gradient Boosting Classifier (GBC) was employed
with a configuration of a learning rate of 0.1 and a
maximum tree depth of 5, aimed at effectively
handling data imbalance through an iterative learning
approach. As a comparator within the ensemble
category, Random Forest (RF) was established as a
bagging-based baseline model utilizing 200 estimators.
To complement this analysis, Support Vector Machine
(SVM) with a Radial Basis Function (RBF) kernel was
also implemented to assess the performance of a non-
tree-based model against the existing data
characteristics, thereby providing a comprehensive
comparative perspective.

Data partitioning into training and testing sets was
performed with an 80:20 proportion using the
Stratified Sampling technique to ensure that the ratio
of the surge class remained balanced across both
datasets (Kohavi & Edu, 1995).

In addition to employing class weighting within
the algorithms, this study applied the Synthetic
Minority Over-sampling Technique (SMOTE) to
address extreme imbalance in the training data
(Chawla et al., 2002). SMOTE operates by
synthesizing new samples for the minority class (surge)
based on k-nearest neighbors, thereby enabling the
model to learn a clearer decision boundary without
majority bias. Crucially, this technique was applied
exclusively to the training set, while the testing set was
kept unaltered to preserve the wvalidity of the
evaluation (Niefl et al., 2022).
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3.7 Performance Evaluation
Given that this study addresses an imbalanced
classification problem, reliance solely on the accuracy
metric is deemed insufficient to accurately represent
the model's true performance (Grandini et al., 2020).
Consequently, performance evaluation is conducted
based on the Confusion Matrix, focusing on three
critical indicators. First, Precision is calculated to
quantify the accuracy of surge predictions in order to
minimize false alarms, as presented in Equation (2).
P

TP+FP (2)
Second, Recall (Sensitivity) is evaluated via Equation

(3) to ensure the model's capability to capture all
actual surge occurrences, thereby minimizing the risk

of missed detections.
TP

TP+FN 3)
As a balanced metric, Equation (4) presents the F1-

Score, which represents the harmonic mean of
Precision and Recall, establishing it as the primary
indicator of model success.

Fl= PTeCL:Sl.On X Recall (4)

Precision+Recall

In these mathematical formulations, the variable TP
represents True Positives (correctly detected surges),
while FP and FN refer to False Positives (false
alarms) and False Negatives (missed surges),
respectively.

Precision =

Recall =

4. Results and Discussion
4.1 Results

This subsection outlines the empirical findings
derived from a series of experiments, ranging from the
analysis of data characteristics and the application of
dynamic labeling, to the evaluation of classification
model performance following the handling of data
imbalance.

4.1.1 Exploratory Data Analysis (EDA)

The research data encompasses a recapitulation of
patient visits spanning from January 2021 to
September 2025.

0000 -

202301 202507 202401

Year

Figure 2. Daily patient visit trends (2021-2025).

202107 20220 202207 202107 20254

Figure 2 presents a visualization of daily patient
visit trends throughout the study period (2021-2025).
The graph exhibits highly dynamic fluctuations,
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characterized by distinct seasonal patterns and
sporadic extreme spikes.

This high variability confirms that the employment
of static thresholds (e.g., setting a fixed limit of >50
patients across all days) renders them ineffective.
Consequently, the Z-Score approach proposed in this
study is particularly relevant, as it adapts surge
detection boundaries based on the historical standard
deviation observed in the data.

Initial exploratory analysis revealed significant
variability across service units, characterized by
extreme volume heterogeneity. Major departments
such as the Laboratory and Emergency Department
(ED) recorded thousands of monthly visits, standing
in sharp contrast to specialized services like Pediatric
Surgery, which exhibited a visit intensity of fewer than
50 patients.

This striking volume disparity underscores the
urgency of implementing the Z-Score-based
normalization method as a more objective approach
compared to absolute thresholding. Furthermore, the
temporal trend visualization demonstrates consistent
seasonal patterns with recurrent fluctuations,
alongside the emergence of surge anomalies closely
correlated with specific periods (e.g., pandemic waves
or holiday seasons).

4.1.2 Dynamic Labeling Results (Z-Score Labeling)
The implementation of the Statistical Anomaly

Detection method, utilizing the specific threshold

Z > 0.85 successfully mapped workload status in a

more proportional manner compared to conventional

quantile methods.

Surge

Normal

Figure 3. Proportion of Normal and Surge Classes

Figure 3 illustrates the results of the dynamic
labeling process utilizing the Z-Score method. From
the total clean data entries, a 'Surge' event proportion
of 14.4% was identified, while the remainder was
categorized as "Normal'. This proportion reflects real-
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world hospital conditions, where surges constitute
anomalous events rather than routine occurrences.

This labeling method proved to be adaptive to the
heterogeneous characteristics of the service units. For
instance, in low-volume units such as the Dental
Clinic, an increase of 15 patients is categorized as a
surge. Conversely, in high-volume units like the
Laboratory, an increase of 100 patients may still be
considered a normal fluctuation if the standard
deviation is high.

Nevertheless, this class distribution disparity
(class imbalance) poses a distinct challenge for the
classification process. This necessitates the
application of the SMOTE Resampling technique
during the training phase to prevent model bias toward
the majority class.

4.1.3 Algorithm Performance Comparison

Three algorithms (Gradient Boosting, Random
Forest, and SVM) were evaluated using cross-
validation scenarios with an 80:20 training-testing
data split. Given the class imbalance, the evaluation
prioritized the F1-Score as the primary metric, rather
than relying solely on Accuracy.

Table 4.1. Algorithm Performance Evaluation Matrix (Post-

SMOTE)
Algorythm  Acc. Precision Recall  F1-Score
GBC 76.36% 30.19%  48.98% 37.35%
RF 77.53% 29.32% 39.80% 33.77%
SVM 63.44% 17.03% 39.80% 23.85%
The experimental results exhibit interesting

dynamics. Although Random Forest achieved the
highest Accuracy (77.53%), the algorithm tended to
be conservative, exhibiting a lower Recall.
Conversely, the Gradient Boosting Classifier (GBC)
was identified as the superior method, securing the
highest F1-Score (37.35%) and the highest Recall
(48.98%). This indicates that GBC is significantly
more sensitive in detecting actual surge threats
compared to the other models.

4.2 Discussion

This subsection interprets the significance behind the
numerical findings, analyzes the impact of resampling
techniques, and discusses the implications for hospital
operational management.

4.2.1 Effectiveness of Addressing Data Imbalance
(SMOTE)

A critical finding of this study is the pivotal
importance of addressing data imbalance. In
preliminary ~ experiments  conducted  without
resampling, all models exhibited a pronounced bias
toward the majority class ("Normal"), yielding Recall
values below 10%. The implementation of SMOTE
(Synthetic Minority Over-sampling Technique) on the
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training dataset proved effective in rectifying the
model's decision boundaries.

Specifically for Gradient Boosting, SMOTE
drastically enhanced surge detection capability
(Recall) from approximately 9% to 48.98%. Although
this resulted in a slight decline in global Accuracy (due
to an increase in False Alarms), this trade-off is
deemed highly acceptable within a medical context. In
such settings, the failure to detect a surge (False
Negative) carries operational risks that are far more
detrimental than those associated with false warnings.

Regarding the observed reduction in Precision
(and the consequent rise in False Alarms), this
phenomenon of metric shift aligns with the findings of
Fernandez et al., who state that oversampling
algorithms operate by expanding the decision regions
of the minority class. While this inherently increases
the risk of false positives, it remains crucial for
minimizing missed detections (Fernandez et al.,
2018).

4.2.2 Analysis of Gradient Boosting Superiority

The superior performance of the Gradient
Boosting Classifier (GBC) compared to Random
Forest (RF) and SVM in terms of the F1-Score can be
attributed to two fundamental factors.

First, regarding the algorithmic mechanism, GBC
employs a boosting approach that constructs trees
sequentially, wherein each subsequent tree focuses on
correcting the residual errors of its predecessor. This
stands in contrast to RF, which utilizes the bagging
technique characterized by independent tree
construction. This boosting approach frequently
outperforms bagging on datasets with high noise
levels due to its capacity for incremental bias
reduction, particularly regarding hard-to-classify
samples (Hastie, 2009).

Second, concerning model adaptability to data
characteristics, the underperformance of SVM—
which achieved only 63% accuracy and a 23% F1-
Score—indicates that patient visit patterns possess
complex and overlapping non-linear decision
boundaries. These patterns prove difficult to
disentangle even when utilizing the RBF kernel, yet
they can be mapped more effectively via the
hierarchical "if-then" rule structure inherent in GBC
decision trees.

This finding corroborates the observations of Ben-
Hur and Weston (2010), who noted that SVM often
encounters difficulties in identifying an optimal
hyperplane on datasets characterized by extreme class
imbalance and high noise without highly specific
kernel tuning (Ben-Hur & Weston, 2010).
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Figure 4. Feature Importance of the GBC Model

To elucidate the factors influencing the model's
predictions, Figure 4 presents the Feature Importance
analysis derived from the best-performing model
(GBQ). It is evident that the 3_Month MA (3-Month
Moving Average) and Lag Features (visits from the
preceding 1-2 months) exhibit the most significant
contributions.

This finding validates the hypothesis that patient
surges possess strong autocorrelation properties,
indicating that short-term historical trends serve as the
most reliable predictors for future events.

Confusion Matrix - Gradient Boosting

111

Normal

Actual Label

48

Surge
'

'
Normal

'
Surge
Predicted Label

Figure 5. Confusion Matrix of the GBC Model

The detailed prediction performance of the
Gradient Boosting model is visualized via the
Confusion Matrix in Figure 5. This matrix illustrates
the model's efficacy in minimizing False Negatives
(missed surges).

The substantial count of True Positives within the
'‘Surge' class confirms that this early warning system
possesses sufficient sensitivity to serve as an
operational decision support tool for the hospital,
albeit with a certain number of False Positives that
require mitigation through management policies.
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4.2.3 The Role of Historical Features and Volatility

Model analysis confirms that the engineered Time-
Series features play a pivotal role in enhancing
prediction performance. Specifically, Lag Features
proved  effective in  capturing  short-term
autocorrelation, where current surge phenomena are
strongly influenced by the visit momentum of the
preceding one to two days (Wilson, 2016).

Furthermore, the incorporation of the Volatility
feature (Rolling Standard Deviation) successfully
assisted the model in differentiating characteristics
across service units. This feature enables the algorithm
to discriminate between units with low standard
deviations, which tend to be stable, versus highly
volatile units such as the Emergency Department
(ED).

Without the inclusion of this volatility feature, the
model would encounter significant difficulty in
determining whether a 10% volume increase
represents a critical anomaly or merely a normal
operational variation.

4.2.4 Managerial Implications

The proposed early detection system serves as a
vital Decision Support System (DSS), particularly in
facilitating proactive anticipation and operational risk
mitigation.

With a Recall rate approaching 50%, the system
possesses the capability to identify nearly half of all
total extreme surge incidents before they occur,
providing management with crucial lead time for
resource preparation.

In the context of risk mitigation, although
Precision resides in the 30% range—implying that out
of ten alerts, three represent actual surges while seven
constitute precautionary alerts—this performance is
far superior to a purely reactive approach. These alerts
can be operationalized as a "Yellow Light"
mechanism or standby status to ensure the availability
of human resources and logistics, thereby preventing
service collapse due to overcrowding (Mullainathan &
Obermeyer, 2017).

5. Conclusion

This study demonstrates that the integration of Z-
Score-based dynamic labeling and the SMOTE data
balancing technique effectively addresses the
imbalance issue in patient visit data. Based on the
evaluation, the Gradient Boosting Classifier (GBC)
emerged as the best-performing model, outperforming
Random Forest and SVM, achieving an F1-Score of
37.35% and a Recall of 48.98%. The application of
SMOTE proved crucial in improving anomaly
detection sensitivity by up to fivefold compared to the
unbalanced scenario.

In terms of implications, this model enables
hospital management to shift from a reactive to a
proactive approach through an early warning system
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capable of anticipating nearly half of extreme surge
events. This facilitates efficient medical resource
allocation before a surge occurs. Although the False
Positive rate remains moderate, the risk of false alarms
is considered more tolerable for the sake of patient
safety compared to the risk of failing to detect actual
surges.

45 The limitations of this study lie in the model's
reliance on internal historical features, the relatively
high rate of false alarms, and the use of a fixed
empirical threshold ( Z > 0.85 ) without an
exhaustive sensitivity analysis or non-ML baselines.
Therefore, future work may evaluate adaptive
threshold optimization strategies. Additionally, future
research is suggested to explore Deep Learning
algorithms, such as LSTM or GRU, and to integrate
external variables (e.g., epidemiological or weather
data) to capture more complex temporal patterns and
improve prediction precision.
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