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Abstract:

In this study, we propose an ensemble learning approach to classify viral infection presence in mice using the Mouse Viral
Infection Study Dataset. The dataset includes two numerical features—volumes of two administered medications—and a
binary label indicating viral presence. To improve prediction performance, we combined K-Nearest Neighbor (KNN) and
Decision Tree (DT) classifiers within a soft voting ensemble framework. Standardization was applied as a preprocessing
step to ensure fair feature contribution, especially for the distance-sensitive KNN. The ensemble model underwent
hyperparameter optimization using GridSearchCV with 5-fold cross-validation to fine-tune the number of neighbors for
KNN and depth-related parameters for DT. The experimental results demonstrated that the ensemble classifier achieved
perfect performance, with 100% accuracy, precision, recall, and F1-score on the test set. The confusion matrix showed no
misclassifications, and the Receiver Operating Characteristic (ROC) curve achieved an Area Under Curve (AUC) of 1.00,
indicating excellent separability between classes. These results suggest that the proposed ensemble effectively leverages
the strengths of both KNN and DT, making it suitable for biomedical classification tasks where interpretability and
reliability are critical. Although the model performed exceptionally well, the simplicity of the dataset, including balanced
classes and clear feature boundaries, may have contributed to the ideal performance. Thus, while the findings are promising,
further validation is necessary using more complex or noisy datasets. This study contributes a practical, interpretable, and
effective ensemble learning framework for binary classification problems in experimental virology, and opens pathways
for further research in preclinical biomedical data analytics using hybrid classification systems.

Keywords: Biomedical Data Analysis, Decision Tree, Ensemble Learning, K-Nearest Neighbor, Viral Infection
Classification.

Dataset link: https://www.kaggle.com/datasets/brsahan/mouse-viral-infection-study-dataset

1. Introduction

The rapid advancement of biomedical data acquisition and machine learning techniques has led to significant
developments in automated disease detection. One critical area of research involves identifying viral infections at
early stages, which is essential for timely intervention and treatment. In particular, classification models have been
widely applied to biomedical datasets, enabling the prediction of viral presence based on physiological or experimental
indicators. Traditional machine learning classifiers, however, often struggle with bias, variance, or overfitting when

applied independently—especially in cases with imbalanced datasets or limited features.

To address these challenges, ensemble learning has emerged as a robust approach by combining multiple base

classifiers to achieve improved predictive performance. Among various ensemble configurations, the integration of
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K-Nearest Neighbor (KNN) and Decision Tree (DT) classifiers has shown promise due to their complementary
strengths—KNN being instance-based and non-parametric, while DT offers interpretability and fast decision-making.
These ensemble strategies not only increase classification accuracy but also enhance model generalizability in diverse

biomedical contexts [1], [2].

In recent years, ensemble learning techniques have gained traction for improving classification performance in
biomedical applications, including viral infection detection. Numerous studies have explored the integration of KNN
and DT algorithms within ensemble frameworks to mitigate the limitations of individual models. [3] demonstrated
that ensemble methods such as Gradient Boosting, incorporating KNN and DT, can effectively predict SARS-CoV-2
infectivity based on spike protein sequences. Likewise, [4] employed ensemble-based feature selection to optimize
the performance of classifiers including KNN and DT for COVID-19 identification, achieving notable improvements
in accuracy. Further supporting this trend, [5] applied ensemble classifiers to chest X-ray image data, where KNN,
DT, and other models demonstrated over 90% accuracy in COVID-19 diagnosis. Additionally, a deep neural ensemble
model combining KNN, DT, and SVM vyielded a classification accuracy of 99.29% on COVID-19 datasets [6],
highlighting the superiority of ensemble strategies over single-model approaches.

Despite these advances, current research is predominantly focused on human clinical data or medical imaging,
with limited attention given to experimental datasets from controlled animal studies. Specifically, there is a lack of
studies that apply ensemble models to classify viral infection in preclinical or laboratory-based experiments. This gap
is notable because animal model datasets, such as those derived from controlled viral exposure studies in mice, offer

a valuable resource for evaluating predictive models in a more controlled and reproducible environment.

To bridge this gap, the present study investigates the use of an ensemble learning approach—combining KNN and
Decision Tree classifiers through soft voting—for classifying viral infection presence in mice based on two medication
dosage features. Using the Mouse Viral Infection Study Dataset, this research aims to evaluate the effectiveness of the
ensemble model in terms of accuracy, interpretability, and generalization. The key objectives of this study are: (1) to
develop a hybrid classification model leveraging KNN and DT algorithms; (2) to compare its performance against
individual classifiers; and (3) to visualize the classification results using multiple metrics such as confusion matrix
and ROC curve. Ultimately, this study contributes to the application of ensemble methods in experimental virology

and provides insights for future research in preclinical data analytics.

2. Method
Research Design:

This study implements a supervised classification framework using ensemble learning to detect viral infections in
mice. The process includes dataset acquisition, pre-processing, model development, hyperparameter optimization, and
evaluation [7], [8]. The ensemble integrates K-Nearest Neighbor (KNN) and Decision Tree (DT) classifiers using soft

voting, aiming to leverage both local and rule-based decision patterns for robust prediction.
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Figure 1: Research Workflow

The dataset used is the Mouse Viral Infection Study Dataset, containing 3 columns: two continuous input features

(Med_1_mL, Med_2_mL) representing medication dosage, and one binary target (Virus Present: 0 or 1). The data

were partitioned into training and testing subsets with an 80:20 ratio using stratified sampling to preserve class

distribution. Class balance was maintained, and exploratory analysis confirmed the dataset's suitability for binary

classification.
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Since KNN is sensitive to feature scale, standardization was applied using z-score normalization [9]-[11]:

X —p
g

1)

Where u and ¢ denote the mean and standard deviation of each feature. This ensures equal contribution from both

Z =

input variables during distance computation. Decision Tree does not require scaling but is included for uniformity
within the ensemble [12], [13].

Model Architecture:
Two classifiers were configured:

a.  KNN: A non-parametric method relying on Euclidean distance to classify based on majority vote among k-
nearest neighbors [14], [15].
b. DT: A hierarchical model that recursively splits features to form a tree based on impurity measures [16], [17]

(e.g., Gini index)

These were combined using a soft voting ensemble [18], [19], where class probabilities from each model are

averaged:

1 n
y = argmax (HZ Pl-(c)> (2)
i=1

The ensemble was implemented via Voting Classifier with equal weights [20]-[22].
Hyperparameter Tuning

A GridSearchCV with 5-fold cross-validation was used to optimize the ensemble's performance [23], [24]. The
grid explored [25], [26]:

a. k €{3,57}for KNN,
b. maxdept € {None, 5,10} and
c. min samples per leaf € {1,5,10} for DT.

The best combination was selected based on accuracy, using cross-validation mean scores.

Evaluation Metrics

Performance was evaluated using [27], [28]:

a. Classification Report: Precision, recall, F1-score, and accuracy.

b. Confusion Matrix: To inspect correct and incorrect predictions per class.
c. ROC Curve and AUC: Visualizing classifier trade-off via:

FpP
FPR

TPR = o FPR = Fp TN

®3)

TP: True Positive,
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TN: True Negative,

FP: False Negative,

FN: False Negative.
d. Scatter Plot: Distribution of test instances in feature space post-scaling.
e. Class Distribution Bar Chart: Shows balance across target classes.

3. Result and Discussion

Results

The ensemble model, integrating K-Nearest Neighbor (KNN) and Decision Tree (DT) classifiers through soft
voting, exhibited exceptional predictive capability on the Mouse Viral Infection Study Dataset. The final model
achieved perfect classification performance, as shown in Table 1, where all core metrics—precision, recall, and F1-

score—reached 1.00 for both classes. The overall accuracy was also 100% on the test set, covering a total of 80
samples equally distributed between the two classes.

Table 1. Classification Report of the Ensemble Model

Metric Class 0 Class 1 Average
Precision 1.00 1.00 1.00

Recall 1.00 1.00 1.00
F1-Score 1.00 1.00 1.00
Support 40 40 80

Confusion Matrix

True label

Predicted label
Figure 4. Confusion Matrix of Ensemble Classifier (KNN + DT)
The confusion matrix in Figure 4 reinforces these findings, confirming the complete absence of misclassification.
All 40 instances from each class were correctly identified without any false positives or false negatives, which is

highly desirable in biomedical classification where misclassification can have significant implications. Furthermore,

the ROC curve in Figure 5 demonstrates an AUC score of 1.00, indicating that the model achieved perfect
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discrimination between the two classes. The curve tightly adheres to the top-left boundary, signifying the optimal
trade-off between true positive rate and false positive rate, and highlighting the model's confidence in its predictions
across all thresholds.

ROC Curve
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Figure 5. ROC Curve with AUC =1.00

Discussion

The results indicate that the ensemble approach adopted in this study is highly effective for binary classification
of viral infections in mice based on medication dosage variables. The combined strengths of KNN, which captures
local similarities, and Decision Tree, which models hierarchical decision rules, contributed to a model that is both
accurate and stable. The use of soft voting allowed for the probabilistic fusion of these classifiers, resulting in a smooth

decision boundary that was highly effective in this experimental context.

The perfect scores across all evaluation metrics suggest that the underlying dataset exhibits well-separated classes
and low intra-class variability, which the ensemble model could exploit effectively. The fact that the dataset contains
only two numeric input features—standardized to ensure equal contribution—may have contributed to the ease of
classification and model generalization. Additionally, the balanced nature of the dataset (40 samples per class)

eliminates the risk of class imbalance skewing the results, a common issue in biomedical classification tasks.

While the results are promising, they must be interpreted with caution. Achieving 100% accuracy, particularly in
biomedical experiments, is rare and may signal potential overfitting or dataset simplicity. Nevertheless, 5-fold cross-
validation during hyperparameter tuning, combined with test-set evaluation, mitigates the risk of overfitting and
confirms that the performance is consistent across data partitions. Even so, the model's generalizability to other

datasets or more complex clinical scenarios remains to be validated.

The findings of this study align with previous research that demonstrates the superiority of ensemble models—
especially when combining distinct learning paradigms such as distance-based (KNN) and rule-based (DT)—in
medical data classification tasks. These results reinforce ensemble learning as a powerful and interpretable tool in
biomedical informatics. For future work, integrating more features (e.g., temporal data or genomic indicators),

applying the method to imbalanced or noisy datasets, or comparing with more sophisticated ensemble techniques like
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XGBoost or stacking ensembles could provide deeper insights into model robustness and scalability in real-world

applications.
4. Conclusion

This study demonstrates the effectiveness of an ensemble learning approach combining K-Nearest Neighbor
(KNN) and Decision Tree (DT) classifiers for binary classification of viral infection in laboratory mice. Utilizing a
soft voting strategy, the ensemble model achieved perfect classification performance with 100% accuracy, precision,
recall, and F1-score on the test set. These results were further validated by a perfect AUC score of 1.00, indicating

excellent class separability and model confidence.

The strong performance can be attributed to the complementary nature of KNN and DT, the use of standardized
input features, and the balanced distribution of the dataset. The methodology presented here proves to be both
computationally efficient and interpretable, making it a viable approach for biomedical datasets with clear decision
boundaries. Despite the promising outcome, future research should consider testing the model on more complex, high-
dimensional, or noisy datasets, and extending the evaluation to other domains such as clinical diagnostics or genomic
data. Moreover, benchmarking against other ensemble frameworks such as Random Forest, XGBoost, or stacking

could further validate the generalizability and robustness of the proposed approach.
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