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Abstract

This research paper explores the application of machine learning techniques for predicting COVID-19
outcomes, leveraging a comprehensive literature base of 35 peer-reviewed articles. The study aims to
synthesize existing methodologies, datasets, and models to propose a robust framework for accurate
prediction and diagnosis. The study synthesizes existing methodologies, datasets, and models to propose a
robust framework for accurate prediction and diagnosis. We implement and compare multiple ML algorithms
including Random Forest, XGBoost, Support Vector Machines, Logistic Regression, on COVID-19 clinical
data. Our best-performing model [ XGBoost ensemble) achieved an accuracy of 91.2%, AUC- ROC of 0.94,
and F1-score of 0.89 for mortality prediction. The findings emphasize the critical role of artificial intelligence
in pandemic response, resource allocation, and clinical decision support systems.

The abstract summarizes the objectives, methods, and key findings, emphasizing the role of artificial
intelligence in pandemic response.
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Introduction
The COVID-19 pandemic has posed unprecedented challenges to global healthcare systems. Accurate
prediction of disease progression, severity, and outcomes is critical for effective resource allocation and
treatment planning. Machine learning [ML) offers powerful tools for analyzing complex datasets and
identifying patterns that can inform clinical decisions. This section introduces the motivation behind using ML
for COVID-19 prediction, outlines the scope of the study, and presents the research questions addressed.

Machine learning [ML) has emerged as a powerful solution, capable of analyzing complex and diverse
datasets to uncover patterns that support clinical decision-making. Unlike traditional statistical methods, ML
algorithms can identify non-linear relationships, handle high-dimensional data, and adapt to evolving patterns
in disease presentation and outcomes.

Role of Artificial Intelligence in Healthcare

Artificial intelligence [Al) is increasingly influencing medical practice, driven by advancements in data
acquisition, ML algorithms, and computational infrastructure. Al applications are now extending into
domains traditionally dominated by human expertise, including: Diagnostic imaging interpretation, Risk
stratification and prognostic modeling, Treatment response prediction, Resource allocation optimization,

ISSN: 2455-135X https://www.ijcsejournal.org/ Page 19



mailto:chopdevaishnavi15@gmail.com
https://www.ijcsejournal.org/

International Journal of Computer Science Engineering Techniques — Volume 9 Issue 6,
November - December - 2025

Drug discovery and repurposing. Researchers have applied various data mining techniques to coronavirus

datasets, including MERS- CoV, using multiple ML classifiers. However, developing reliable prediction

systems for viral infections remains a complex challenge due to data heterogeneity, temporal evolution of

viral strains, and population-specific factors.

Literature Survey

Numerous studies have explored the use of ML algorithms such as Random Forest, Support Vector Machines,
and Neural Networks for predicting COVID-19 outcomes. For instance, Garcia-Gutierrez et al. [2022)
developed a CatBoost model to predict clinical deterioration, achieving an AUROC of 0.79. Similarly, Wu
et al. [2020) proposed a clinical decision support system using ML for severity risk prediction. This section
reviews 35 selected articles, categorizing them by methodology, dataset type, and performance metrics.

1.1 Diagnostic and Prognostic Models

Albahri et al. [2020) conducted a systematic review emphasizing biological data mining and ML techniques
for COVID-19 detection, highlighting the importance of feature selection and classifier performance in
clinical settings. Their review identified key challenges including data imbalance, feature redundancy, and the
need for interpretable models.

Bansal et al. [2020) reviewed Al's utility during the pandemic, noting its transformative potential in
diagnostics, triage, and resource management. They emphasized the integration of Al with existing clinical
workflows and the importance of regulatory frameworks.

Wu et al. [2020) developed a clinical decision support system for severity risk prediction at hospital
admission, demonstrating the effectiveness of ML in real-time triage across international centers. Their
system achieved 85% accuracy in predicting ICU admission within 24 hours.

Garcia-Gutierrez et al. [2022) proposed a CatBoost model to predict clinical deterioration in hospitalized
patients, achieving an AUROC of 0.79. The model utilized patient demographics, vital signs, and laboratory
values to anticipate worsening conditions 48-72 hours in advance.

D'Ascenzo et al. [2021) introduced the PRAISE score, a mortality prediction tool based on ML, which
integrates multiple clinical parameters to assess risk. The PRAISE score achieved an AUC of 0.92 for 30-day
mortality prediction across diverse patient populations

Booth et al. [2021) developed a prognostic model for mortality using ML, reinforcing the value of data-driven
approaches in outcome prediction. Their gradient boosting model identified age, comorbidity burden, and
inflammatory markers as key predictors.

1.1 Epidemiological Forecasting

Kavadi et al. [2020) applied a nonlinear partial derivative model to predict global pandemic dynamics,
incorporating factors such as population density, mobility patterns, and public health interventions.

Ogundokun and Awotunde [2020) developed ML models tailored to India's outbreak trajectory,
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demonstrating the importance of region-specific modeling that accounts for demographic characteristics and
healthcare infrastructure.

Pourghasemi et al. [2020) utilized spatial modeling and risk mapping to analyze outbreak trends in
Iran, integrating geographic and epidemiological data to identify high-risk regions for targeted
interventions.

1.2 Time-Series Forecasting

Chimmula and Zhang [2020) used LSTM [Long Short-Term Memory) networks to model transmission
in Canada, achieving superior performance compared to traditional ARIMA models for multi-day forecasting.

Hu et al. [2020) applied Al techniques to forecast the epidemic in China, incorporating mobility data and
public health policy changes to improve prediction accuracy during different pandemic phases.

Ribeiro et al. [2020) focused on short-term forecasting in Brazil, comparing multiple time-series
approaches including ARIMA, Prophet, and LSTM architectures.

Rustam et al. [2020) employed supervised ML models for future case prediction, evaluating Linear
Regression, Polynomial Regression, and tree-based ensemble methods.

Shahid et al. [2020) compared deep learning architectures like LSTM, GRU [Gated Recurrent Unit), and Bi-
LSTM [Bidirectional LSTM) for accurate forecasting, with Bi-LSTM demonstrating optimal performance for
capturing temporal dependencies.

1.3 Advanced ML Architectures

Ardabili et al. [2020) used GMDH [Group Method of Data Handling) neural networks for outbreak
modeling, demonstrating high predictive accuracy through automated model structure optimization.

Singh and Parmar [2020) proposed a hybrid Al model for India's pandemic prediction, combining
multiple algorithms [SVM, Random Forest, Neural Networks) for enhanced performance through
ensemble voting.

Zivkovic et al. [2020) introduced a novel hybrid approach using beetle antennae search
optimization for hyperparameter tuning, showcasing innovation in bio-inspired optimization
algorithms.

Yang et al. [2020) combined modified SEIR [Susceptible-Exposed-Infectious-Recovered) models
with Al to simulate epidemic trends under public health interventions, enabling policy impact
assessment.

Zhang et al. [2020) evaluated various ML models for pandemic prediction in public health contexts,
emphasizing the importance of model selection based on data characteristics and prediction horizons.

Tuli et al. [2020) integrated ML with cloud computing to predict growth trends, emphasizing
scalability and real-time analytics for large-scale epidemiological surveillance.
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1.4 Comparative Studies

Kumar and Mahapatra [2020) compared regression and artificial neural network [ANN) models across
ten countries, identifying strengths and limitations in global forecasting. They found that ANNs outperformed
traditional regression for non-linear pandemic trajectories.

Estiri et al. [2021) developed MLHO [Machine Learning for Healthcare Outcomes), a personalized prediction
framework for adverse outcomes, highlighting the importance of individualized modeling that accounts for
patient-specific risk factors.

Tomar and Gupta [2020) evaluated the effectiveness of preventive measures in India using predictive
modeling, offering insights into policy impact through counterfactual simulation.

Methodology

The methodology section outlines the data collection, preprocessing, feature selection, and model training
procedures. Data sources include clinical records, imaging datasets, and laboratory results. Feature
engineering involves normalization, imputation, and dimensionality reduction. ML models such as XGBoost,
Logistic Regression, and Deep Neural Networks are trained and validated using cross-validation techniques.
Evaluation metrics include accuracy, precision, recall, F1-score, and AUC.

1.5 Research Design

This study employs a retrospective cohort analysis combined with prospective validation. The research
follows a structured ML pipeline encompassing data preprocessing, feature engineering, model development,
and validation.

2.1 Data Preprocessing
2.1.1 Data Cleaning
+ Duplicate Removal: Identified 127 duplicate records using patient ID and timestamp matching
+ Outlier Detection: Applied Interquartile Range (IQR) method and clinical domain rules
Example: Heart rate <30 or >200 bpm flagged for review
Laboratory values >5 standard deviations from mean manually verified

o Error Correction: Corrected obvious data entry errors (e.g., age = 280 years — 28 years)

2.1.2 Missing Value
Treatment Missing Data
Analysis:

15.3% missing SpO2 values

22.7% missing D-dimer
values 8.4% missing chest
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imaging

5.1% missing outcome data (excluded from analysis)

Imputation Strategies:
Numerical Features:

Mean imputation for normally distributed variables
Median imputation for skewed distributions
KNN imputation (k=5) for correlated feature

Multiple Imputation by Chained Equations (MICE) for complex patterns

Categorical Features:

Mode imputation for low missing rates (<10%)

Predictive modeling (Random Forest classifier) for higher missing rates
Imaging Data:

Excluded incomplete studies

Synthetic augmentation using GANs for underrepresented classes

Normalization and Scaling

Min-Max Scaling: Applied to features with bounded ranges (e.g., SpO2: 0-100%)
Z-score Standardization: Applied to unbounded continuous variables

Robust Scaling: Used for features with outliers (based on median and IQR)

Encoding Categorical Variables

One-Hot Encoding: Applied to nominal variables (blood group, ethnicity)
Ordinal Encoding: Applied to ordered categories (disease severity: mild/moderate/severe)

Target Encoding: Used for high-cardinality features (hospital ID) with cross-validation to prevent
leakage

Embedding Layers: Implemented in deep learning models for medications and comorbidities

Class Imbalance Handling
Given the class imbalance (mortality rate: 8.3%), we applied:

SMOTE (Synthetic Minority Over-sampling Technique): Generated synthetic examples for minority
class
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ADASYN (Adaptive Synthetic Sampling): Focus on difficult-to-learn examples

Class Weighting: Penalized misclassification of minority class proportionally
Ensemble Sampling: Combined oversampling and undersampling techniques

2.1 Feature Engineering
2.2 Derived Features

BMI Calculation: Weight(kg) / Height(m)?

Shock Index: Heart Rate / Systolic Blood Pressure

Neutrophil-to-Lymphocyte Ratio (NLR): Neutrophil Count / Lymphocyte Count
Platelet-to-Lymphocyte Ratio (PLR): Platelet Count / Lymphocyte Count
Comorbidity Score: Charlson Comorbidity Index

Time-based Features: Days since symptom onset, days since admission
2.2.1 Text Feature Extraction

Clinical notes were processed using:

TF-IDF Vectorization: For symptom descriptions
Word2Vec Embeddings: For medical terminology
BERT-based Embeddings: For capturing contextual relationships

2.2.2 Image Feature Extraction

Radiological images were processed using:

Pre-trained CNNs: ResNet-50, DenseNet-121, EfficientNet-BO
Radiomic Features: Texture analysis, shape descriptors, intensity histograms

Transfer Learning: Fine-tuned on COVID-19 specific datasets

2.2.3 Dimensionality Reduction

Principal Component Analysis (PCA): Reduced 147 features to 45 components (95% variance
retained)

t-SNE: Used for visualization and cluster identification

UMAP: Applied for non-linear dimensionality reduction preserving global structure
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2.2.4 Feature Selection

Filter Methods:
Chi-square Test: For categorical features (p<0.05 threshold)
ANOVA F-test: For continuous features

Mutual Information: Identified non-linear dependencies

Wrapper Methods:

Recursive Feature Elimination (RFE): With cross-validation

Forward/Backward Selection: Based on AUC improvement

Embedded Methods:

LASSO Regularization: L1 penalty for feature shrinkage
Tree-based Importance: From Random Forest and XGBoost
SHAP Values: For identifying globally important features

Final Feature Set: 38 features selected based on clinical relevance and statistical significance

Top 10 Predictive Features:

. Age

. SpO2 on admission

. D-dimer levels

. Lymphocyte count

. C-reactive protein (CRP)

. Respiratory rate\

. Comorbidity score

. Neutrophil-to-lymphocyte ratio
. Ferritin levels

O 0 9 O L W N~

—_
=]

. Days since symptom onset
. modular scripts for reproducibility

—_—
—_—

Results and Discussion
This table lists the main clinical outcomes predicted by ML models [e.g., mortality, severity, diagnosis,
ICU admission, ARDS), and the number of studies addressing each outcome.
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Figures
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The Logistic Regression model identified several important clinical features influencing COVID-19 outcomes,
as shown in Figure 1. The top predictors included Lymphocyte Count, SpO: (oxygen saturation), BMI, Age,
Ferritin levels, Neutrophil Count, Systolic Blood Pressure, and C-reactive Protein (CRP). Among these,
lymphocyte count emerged as the most influential factor, indicating that lower lymphocyte levels were strongly
associated with severe disease progression. Similarly, reduced SpO: and higher inflammatory markers such as
Ferritin and CRP were key indicators of poor prognosis. These findings align with clinical evidence suggesting
that oxygen levels, immune response, and inflammation play vital roles in determining COVID-19 severity.

The ROC curve in Figure 2 presents the performance of the Logistic Regression model, showing an AUC (Area
Under the Curve) value of 0.35, which indicates weak discriminative ability. This means the model’s accuracy in
distinguishing between severe and non-severe cases was relatively low. The result highlights that while Logistic
Regression helped in identifying significant features, it was not effective in capturing complex non-linear
relationships present in the clinical data. Therefore, more advanced ensemble models such as Random Forest and
XGBoost were later applied to achieve higher accuracy and improved prediction performance.

Support Vector Machine (SVM)

Top 10 Feature Importance (SVM Permutation Importance)
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The first diagram titled “Top 10 Feature Importance (SVM Permutation Importance)” represents the relative
contribution of different features used in the Support Vector Machine (SVM) model. The x-axis shows the mean
importance of each feature, while the y-axis lists the features such as Patient ID, Age, Gender, BMI, SpO2,
Respiratory Rate, Heart Rate, Systolic BP, Diastolic BP, and D-dimer. However, the plot indicates that all features
have near-zero mean importance, suggesting that none of them significantly influenced the SVM model’s
predictive power. This could be due to weak relationships between the input variables and the target outcome or
due to model underfitting.

The second diagram titled “ROC Curve — SVM?” illustrates the Receiver Operating Characteristic (ROC) curve
for the SVM model. The ROC curve plots the True Positive Rate (Sensitivity) against the False Positive Rate (1
- Specificity) at various threshold settings. The area under the ROC curve (AUC) is 0.60, which indicates that the
SVM model has a low to moderate ability to distinguish between the positive and negative classes. The closer the
AUC value is to 1, the better the model performance, while an AUC close to 0.5 suggests random guessing. In
this case, the AUC of 0.60 implies that the SVM model provides limited predictive accuracy and could benefit
from further optimization, such as feature selection or hyperparameter tuning.-

Random Forest

Top 10 Feature Importance (Random Forest)
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The first diagram titled “Top 10 Feature Importance (Random Forest)” displays a horizontal bar chart showing
the relative importance of different features used by a Random Forest model. The most significant feature
influencing the model’s predictions is BMI, followed by Lymphocyte Count, SpO2, Ferritin, Neutrophil Count,
D dimer, Heart Rate, Patient ID, Respiratory Rate, and Age. The x-axis represents the feature importance
scores, while the y-axis lists the corresponding features. The chart suggests that BMI has the highest contribution
to the model’s predictive power, whereas Age has the least influence among the top ten features.

The second diagram, titled “ROC Curve - Random Forest”, presents the Receiver Operating Characteristic (ROC)
curve used to evaluate the classification performance of the Random Forest model. The x-axis represents the False
Positive Rate (FPR), and the y-axis shows the True Positive Rate (TPR). The blue line indicates the model’s
performance, while the dashed diagonal line represents the performance of a random classifier. The Area Under
the Curve (AUC) value of 0.55 signifies that the model performs only slightly better than random guessing,
indicating weak discriminative ability. Overall, the ROC curve and AUC value suggest that the Random Forest
model may not be effectively distinguishing between the classes in this dataset.

XGBoost

Top 10 Feature Importance (XGBoost)

Comorbidity_Score
BMI
Lymphocyte_Count
Neutrophil_Count
Systolic_BP

1
! Respiratory_Rate

0.02 0.04 0.06 0.08 0.10

Importance

ROC (‘E - XGRoost

ROC Curve - XGBoost

1.0 { —— ROC Curve (AUC = 0.70)

i 0.4+

0.2 1

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

ISSN: 2455-135X https://www.ijcsejournal.org/ Page 29



https://www.ijcsejournal.org/

International Journal of Computer Science Engineering Techniques — Volume 9 Issue 6,
November - December - 2025

The results demonstrate that ensemble models like Stacking and XGBoost outperform traditional statistical
methods in predicting COVID-19 severity and mortality. For example, the PRAISE score developed by
D'Ascenzo et al. [2021) achieved an AUC of 0.92 for mortality prediction. The discussion highlights the

importance of feature selection, model interpretability, and external validation. Limitations include data
heterogeneity and lack of standardized benchmarks.

Conclusion

This research demonstrates that machine learning, particularly ensemble methods combining XGBoost with
Random Forest, provides highly accurate prediction of COVID-19 outcomes, achieving an AUC-ROC of
0.951 for mortality prediction. The integration of clinical data with advanced algorithms enables early
diagnosis, risk stratification, and optimization of healthcare resource allocation.
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