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ABSTRACT

Sepsis, a critical condition triggered by an abnormal immune response to infection, requires rapid and
accurate identification to reduce the risk of mortality. In clinical settings, datasets often suffer from severe
class imbalance, with sepsis cases significantly underrepresented, which complicates early prediction
efforts. This study explores and compares the effectiveness of traditional and ensemble-based machine
learning algorithms for sepsis detection. Initially, models such as Random Forest (RF), Support Vector
Machine (SVM), XGBoost, and K-Nearest Neighbors (KNN) were trained on imbalanced datasets using
median imputation. To improve model reliability and address class imbalance, advanced ensemble
techniques, such as soft-voting and stacking, were incorporated, along with cost-sensitive learning and
stratified k-fold validation. The Synthetic Minority Oversampling Technique (SMOTE) was later applied
to balance the dataset, and the models were reassessed. Evaluation based on metrics such as ROC-AUC,
PR-AUC, sensitivity, specificity, balanced accuracy, and Brier score revealed that the stacking ensemble,
applied to SMOTE-processed data, delivered superior performance with a ROC-AUC of 0.9979. These
results show how ensemble approaches and data balancing strategies can improve the precision and
dependability of sepsis prediction models used in clinical decision-making.
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I.  INTRODUCTION

ML has emerged as a valuable decision-support tool in the

Organ dysfunction in sepsis, a potentially lethal disease, is
caused by a deregulated host response to infection. Detecting
sepsis in a timely and accurate manner is of paramount
importance, as early intervention significantly reduces
mortality and long-term complications [1]. However, detecting
sepsis remains challenging due to its heterogeneous clinical
presentation, evolving physiological markers, and the
imbalanced nature of real-world clinical datasets, where
instances of sepsis are significantly outnumbered by non-sepsis
ones.

early detection of sepsis, offering data-driven approaches to
predict its onset based on patient vitals, laboratory results, and
other clinical features. Traditional Machine Learning (ML)
models, such as Random Forest (RF) [2], Support Vector
Machine (SVM) [3], and Extreme Gradient Boosting
(XGBoost), have demonstrated considerable promise [4].
Conventional ML classifiers generally favor the majority class,
showing low sensitivity and poor recall in the minority class. In
addition, when applied separately, ML models often face
problems such as bias or high variance, restricting their ability
to generalize across a range of clinical conditions and patient
populations.
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To address these limitations, ensemble learning techniques
have been proposed, in which a more reliable predictive model
is produced by combining many base learners [5]. Among the
various ensemble strategies, soft voting (probabilistic
averaging of multiple classifiers) [6] and stacking (meta-
learning over base model predictions) have gained interest.
These methods can leverage the strengths of multiple models
and produce a more sophisticated and accurate prediction
pipeline by balancing the drawbacks of each model.

In addition, dealing with data imbalance is critical to
training effective classifiers. Synthetic Minority Oversampling
Technique (SMOTE) has proven effective in creating a
balanced training distribution by generating synthetic examples
for the minority class, thereby enhancing model sensitivity
without sacrificing specificity [7]. However, the effectiveness
of ensemble models trained on SMOTE-resampled data—
especially in high-stakes healthcare applications—has not been
systematically evaluated.

This work presents a comparative analysis of individual
classifiers (RF, SVM, XGBoost) and ensemble models (soft-
voting and stacking) for the early detection of sepsis. All
models are trained and evaluated on clinical data balanced
using SMOTE. This allows assessing not only discriminative
ability but also calibration and class-wise performance. The
study's conclusions show that ensemble strategies—especially
stacking—consistently perform better than single-model
techniques, especially in capturing minority class instances
(sepsis cases) while maintaining calibration and low false-
positive rates.

Existing research on early sepsis prediction using ML
demonstrates promising results but reveals several gaps in
methodological integration and evaluation. Previous studies
often focused on either data balancing through SMOTE or
model enhancement via ensemble learning, but lacked a unified
framework to ensure both robust validation and cost-sensitive
learning. Additionally, most works relied on limited metrics,
such as accuracy and AUC, neglecting critical clinical
measures such as sensitivity, specificity, PR AUC, and Brier
score, and rarely applied stratified k-fold validation to ensure
generalizability across heterogeneous patient populations. In
addition to addressing these drawbacks, the novelty of this
study lies in its thorough and unified approach that integrates

learning (voting and stacking), and stratified validation,
forming a robust pipeline for reliable sepsis detection.

II. METHODOLOGY

This section presents the detailed method adopted to
develop an enhanced sepsis prediction framework that
integrates SMOTE-based data balancing, ensemble learning,
and stratified cross-validation. The proposed model aims to
achieve early and accurate detection of sepsis by addressing
issues such as data imbalance, model bias, and poor
generalization observed in earlier works, as shown in Figure 1.

A. Dataset Preparation

The dataset, derived from the PhysioNet Sepsis Challenge
[8], includes vital signs and lab results. The data was
preprocessed using median imputation and feature
normalization. The PhysioNet Sepsis dataset was introduced in
the 2019 PhysioNet/Computing in Cardiology Challenge, titled
"Early Prediction of Sepsis from Clinical Data." Each row
represents one hour of a patient's ICU stay and includes 40
clinical variables along with an outcome label. The features
span across demographics (such as age, gender, and ICU type),
vital signs (heart rate, oxygen saturation, temperature, blood
pressures, and respiratory rate), laboratory measurements (such
as glucose, lactate, creatinine, BUN, WBC, and platelets), and
other physiological parameters, including electrolytes and gas
exchange variables.

B. Data Preprocessing

Since the raw data contained missing and noisy values,
multiple preprocessing steps were implemented:

e Missing value imputation: Continuous variables were filled
using median values or forward-fill interpolation and
categorical variables were imputed with mode [9].

e Qutlier handling: Statistical thresholds (IQR and Z-score)
were used to smooth extreme outliers.

e Normalization: All continuous features were scaled using
min-max normalization to ensure uniformity for model
training.

e Feature selection: Highly correlated and redundant features
were eliminated using correlation analysis and importance

SMOTE-based data balancing, cost-sensitive ensemble ranking through RF.
TABLE L REVIEW OF PREVIOUS WORKS
Stud | Yea Study title/focus Dataset(s) Techniques used Best model Perforn.mnce Key contributions
y r /approach metrics
Early sepsis prediction 2,385 patients (First Affiliated Multiple imputation Addressed data imbalance with
L e Hospital of Anhui Medical > Random AUC =0.87, SMOTE, identified key features
(10112024 with unbalanced data | ;500 Gioy o Mimic-tT+ | SMOTE: SHAP ML mp F1=0.77 (SBP, Albumin, HR), validated
processing classifiers .
elCU across multiple datasets.
Data preprocessing, Accuracy = 95.2%, Pr?gﬁi‘:’i:nqil\g%;fxll\]{;:m}(ejﬁo
[11] {2025 Machine Learning PhysioNet 2019 feature extraction, ML | ML-SVM | Sensitivity = 91%, fecor ds‘ dlé ‘m‘omt‘rate(‘i re%iable
classifier training Specificity = 93% ” o
early detection.
ML-based early ) S o Improved diagnostic accuracy
[12] |2025] detection of neonatal Neonatal clinical records ML classifiers ]?ZZ;TE; A;:«:crid:i:zn_zggﬁ/f’ and reliability by integrating

sepsis

multiple classifiers.
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Fig. 1. Workflow diagram of sepsis prediction pipeline using ensemble learning before and after SMOTE with stratified k-fold validation.

C. Data Balancing Using SMOTE

The dataset was highly imbalanced, with sepsis-positive
cases representing less than 10% of the total records. SMOTE
was applied to prevent model bias toward the majority class.
SMOTE synthetically generates new minority class instances
based on the feature-space similarities between existing
samples, thereby improving the classifier's ability to identify
rare sepsis cases. Mathematically, new synthetic samples are
generated as:

X(new} = X; + & X (x{nn} - xi) (1)

where x; is a minority sample, X(n, is one of its k nearest
neighbors, and § € [0,1].

D. Baseline Model Evaluation on Imputed Data

At first, four popular ML models were evaluated on the
imputed dataset without using any resampling or cost-sensitive
modifications:

e Random Forest (RF): A tree-based ensemble model that
aggregates predictions from several decision trees trained
on random feature subsets to reduce overfitting [13].

e K-Nearest Neighbors (KNN): A non-parametric model that
classifies based on the majority class among the k-nearest
data points in the feature space [14].

e Support Vector Machine (SVM): For high-dimensional
data, a margin-based classifier works well. For non-linear
separation, a Radial Basis Function (RBF) kernel was
employed [15].

e XGBoost (Extreme Gradient Boosting): A highly efficient
boosting algorithm that sequentially builds decision trees
while minimizing a loss function with regularization [16].

E. Cost-Sensitive Learning Before SMOTE

e To address class imbalance (i.e., fewer sepsis cases), cost-
sensitive learning was incorporated into the models before
applying oversampling. During training with this method,
misclassification of minority class samples is penalized
more severely.

e For SVM, class_weight = 'balanced’ was used to scale
the penalty parameter C differently for each class.

e In XGBoost, scale_pos_weight was set to the ratio of
negative to positive samples, boosting focus on the minority
class.

These steps improve sensitivity (true positive rate) without
the risk of overfitting that may come from oversampling.

F. Ensemble Learning: Voting and Stacking

To further enhance performance, two ensemble learning
strategies were implemented:

e Soft-voting combines the predicted probabilities of multiple
base models (RF, SVM, XGB) and chooses the class with
the greatest average likelihood. It improves calibration and
reduces variance by leveraging diverse models.

e Stacking uses a meta-model (typically logistic regression)
to learn from the output probabilities of base models. This
method captures higher-order interactions among model
outputs, improving generalization performance as shown in:

Z = fmeta(hl(x)!hz(x)!-"!hn(x)) (2)

where h,(x), h,(x), ..., h,,(x) are the outputs of the n
individual base models, each trained independently on the
same input x, and z is the final output or class prediction
made by the stacking ensemble.

Both ensembles are trained with and without resampling to
assess their robustness under different data distributions.

G. Stratified K-Fold Cross-Validation

This method was selected to maintain class distribution in
every fold and guarantee accurate performance estimation.
Each of the k =5 folds of the data maintains the same
percentage of sepsis cases compared to non-sepsis cases [17].
This method reduces the possibility of biased evaluation that
could happen when using simple random splits in imbalanced
datasets.

II. RESULTS AND DISCUSSION

A. Experimental Setup Abbreviations and Acronyms

This study focuses on enhanced sepsis detection using
ensemble learning techniques applied to a real-world clinical
dataset. Using both balanced and unbalanced data, the
experimental process aimed to evaluate the performance of
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base and ensemble models. Performance analysis evaluates
how well ensemble and conventional ML models detect sepsis
under three experimental settings:

e Baseline, with the original imbalanced data.

e Before SMOTE, with stratified k-fold and cost-sensitive
learning.

o After SMOTE, with stratified k-fold resampling.

In the baseline setup, models were trained on imbalanced
clinical data, where sepsis cases were significantly
underrepresented. Initially, this setup appeared to perform well,
with high accuracy and recall across all four classifiers (KNN,
SVM, RF, and XGBoost). However, these metrics were
misleading due to the dataset imbalance, which caused the
models to favor the majority (non-sepsis) class. This issue was
clearly reflected in the low ROC-AUC scores, particularly for
KNN (0.5351), indicating poor discriminative ability. Although
RF and SVM achieved slightly better AUCs (~0.70), they still
struggled to generalize well to the minority class. The results in
Table II highlight the limitations of relying solely on
conventional metrics in imbalanced settings and demonstrate
the need for resampling techniques, such as SMOTE, and
advanced ensemble methods to improve true positive detection
and model calibration.

TABLE IL BASELINE MODEL PERFORMANCE
(IMBALANCED DATA, MEDIAN IMPUTATION)

TABLEIV. AFTER SMOTE WITH STRATIFIED K-FOLD
(BALANCED DATA)

Models Accuracy | Precision | Recall Fl-score |ROC AUC
KNN 0.96 0.96 0.96 0.96 0.96
SVM 0.58 0.58 0.58 0.58 0.58

RF 097 0.97 0.97 0.97 0.97
XGB 0.97 0.97 0.97 0.97 0.97
Stacking EM 0.97 0.97 0.96 0.97 0.99
Voting EM 097 0.97 0.97 0.97 0.99

Models Accuracy | Precision Recall | F1-score | ROC-AUC
KNN 0.93 0.86 0.93 0.89 0.53
SVM 0.93 0.86 0.93 0.89 0.69

RF 0.92 0.86 0.92 0.89 0.70
XGBoost 0.93 0.92 0.93 0.91 0.59

Although the cost-sensitive classifiers improved ROC-AUC
marginally over the baseline in some cases, the Precision-
Recall (P-R) tradeoff remained poor. Many models failed to
identify positive sepsis cases (recall = 0), indicating persistent
skewness in model behavior toward the majority class, as
shown in Table III.

TABLE IIL. BEFORE SMOTE WITH STRATIFIED K-FOLD
(COST-SENSITIVE MODELS)

Model Accuracy | Precision | Recall | Fl-score | ROC-AUC
KNN 0.93 0.00 0.00 0.00 0.54
RF 0.93 0.00 0.00 0.00 0.93
SVM 0.61 0.08 0.47 0.14 0.49
XGB 0.92 0.18 0.02 0.04 0.69
VotingEM 0.93 0.00 0.00 0.00 0.66
Stacking EM|  0.93 0.00 0.00 0.00 0.63

The results in Table IV show considerable improvement in
model performance across all measures. Notably, the recall and
ROC AUC scores surged for most classifiers, confirming the
positive impact of addressing class imbalance. XGBoost and
RF, in particular, showed substantial improvements, with
XGBoost achieving an accuracy of 97.20% and a ROC-AUC
of 0.9966. The ensemble models further elevated performance,
with the soft voting ensemble achieving a balanced F1-score of
0.9714 and a ROC-AUC of 0.9950.

Most impressively, the stacking ensemble outperformed all
other models, recording the highest accuracy (97.80%), F1-
score (0.9780), and ROC-AUC (0.9979), indicating exceptional
discriminative ability and balanced classification as shown in
Table IV and Figures 2, 3, and 4. In the PR curve, RF,
XGBoost, and the voting and stacking ensembles demonstrate
nearly perfect performance, with AUC values close to 1.00,
indicating strong predictive precision even at high recall levels.
The SVM, however, shows much lower PR-AUC (0.63),
revealing its limitations in correctly identifying the minority
(sepsis) class.

100 Comparison of Existing and Proposed Models
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IV. LIMITATIONS AND FUTURE WORK

This work has certain limitations, although ensemble
learning models in conjunction with SMOTE-based balancing
show promising results. Initially, only one dataset was used to
train and assess the models, which can restrict their
applicability in other medical settings. Additionally, the
SMOTE technique, while effective in addressing class
imbalance, can introduce synthetic noise and does not preserve
the temporal patterns inherent in sequential ICU data. These
models also treat each patient snapshot independently, lacking
the temporal context crucial in progressive conditions such as
sepsis. Future research will focus on incorporating time-series
modeling approaches such as LSTM and GRU. More advanced
sampling strategies, such as SMOTE-ENN or ADASYN, could
be explored to minimize overfitting from synthetic samples
[18].

V. CONCLUSION

This study presents a comprehensive framework that
combines SMOTE-based data balancing, cost-sensitive
ensemble learning, and stratified k-fold cross-validation,
ensuring fair representation of sepsis and non-sepsis cases and
improving model robustness. Multiple classifiers, including
RF, SVM, XGBoost, and KNN, were trained and combined
using ensemble methods such as voting and stacking. After
applying SMOTE and stratified validation, the ensemble
models—especially the stacking approach—achieved excellent
performance, with ROC-AUC and PR-AUC of 0.99, F1-score
of 0.97, sensitivity and specificity of 0.97, balanced accuracy
of 0.97, and Brier score of 0.01, highlighting accurate early
detection while minimizing false predictions.
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