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Abstract

Diabetes mellitus remains a significant global health challenge, with first-line antidiabetic
therapies exhibiting variable patient responses and adverse drug reaction (ADR) profiles.
Traditional comparative effectiveness research methods often fail to capture the complex, non-
linear relationships between patient characteristics and treatment outcomes. This study addresses
this gap by developing and validating machine learning models—specifically Random Forest
and XGBoost—to predict patient response and ADRs to first-line antidiabetic therapies. Utilizing
a comprehensive dataset of patient clinical and demographic features, we employed ensemble
learning techniques to enhance predictive accuracy and model interpretability. The XGBoost
model achieved superior performance with an accuracy of 97.24% and an AUC of 0.9117,
outperforming traditional classifiers. SHAP analysis identified glucose levels, age, and BMI as
the most influential predictors of treatment response, while pharmacovigilance data revealed
significant associations with psychiatric ADRs. This research demonstrates that ensemble
machine learning approaches can provide robust, interpretable frameworks for personalized



diabetes management, offering clinicians actionable insights for treatment selection and ADR
prevention. The findings have significant implications for clinical decision support systems and
precision medicine initiatives in endocrinology.
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1. Introduction
1.1 Background

Diabetes mellitus is a severe, chronic metabolic disorder characterized by elevated blood glucose
levels, resulting from either insufficient insulin production or the body's ineffectiveness in
utilizing generated insulin . The increasing global burden of diabetes represents a major public
health challenge, with millions affected and healthcare systems overwhelmed by the long-term
complications of uncontrolled disease. First-line antidiabetic therapies, including metformin,
sulfonylureas, and increasingly GLP-1 receptor agonists, form the cornerstone of
pharmacological management. However, treatment response varies significantly among patients,
and adverse drug reactions (ADRs) remain a substantial barrier to optimal glycemic control .

The emergence of electronic health records (EHRs) and structured medical data has created
unprecedented opportunities for data-driven approaches to clinical decision support . Machine
learning has demonstrated significant potential for predicting and preventing disease outcomes
cost-effectively and automatically by replaying historical patient data to detect patterns not
observable through manual review . Ensemble learning methods, particularly Random Forest and
XGBoost, have shown promise in healthcare analytics due to their ability to handle complex,
non-linear relationships and provide robust predictions .

1.2 Problem Statement

Traditional comparative effectiveness research methodologies, including randomized controlled
trials and observational studies, have limitations in capturing the complex interactions between
patient characteristics, treatment regimens, and outcomes. While several studies have applied
machine learning to diabetes prediction , there remains a critical gap in validated predictive
frameworks that specifically model patient response and ADR profiles for first-line antidiabetic
therapies . Existing computational methods primarily focus on pairwise drug interactions, often
failing to capture the multifactorial nature of treatment outcomes in real-world clinical settings .

Furthermore, pharmacovigilance efforts have identified significant safety signals associated with
antidiabetic medications, including psychiatric adverse events with GLP-1 receptor agonists , yet
the case-level characteristics associated with these reporting patterns remain insufficiently



characterized. No validated predictive framework exists that systematically integrates clinical,
demographic, and pharmacovigilance data to model both therapeutic efficacy and ADR risk for
individual patients receiving first-line antidiabetic therapies.

1.3 Objectives of the Study

General Objective:

To develop and validate a machine learning-driven comparative effectiveness framework using
Random Forest and XGBoost algorithms for predicting patient response and adverse drug
reactions to first-line antidiabetic therapies.

Specific Objectives:

1. To identify key clinical and demographic predictors of therapeutic response to first-line
antidiabetic medications

2. To develop and compare Random Forest and XGBoost models for predicting treatment
efficacy and ADR occurrence

3. To validate the predictive framework using cross-validation and external benchmarking
approaches

4. To generate interpretable insights regarding the most influential factors affecting
treatment outcomes

1.4 Research Questions

1. What combination of clinical and demographic variables most accurately predicts patient
response to first-line antidiabetic therapies?

2. How do Random Forest and XGBoost ensemble methods compare to traditional
classifiers in predicting treatment outcomes and ADRs?

3. What are the most influential predictors of adverse drug reactions in patients receiving
first-line antidiabetic medications?

4. How can machine learning-based comparative effectiveness research be integrated into
clinical decision support systems?

1.5 Significance of the Study

For Practitioners and Administrators:

This research provides clinicians with a validated predictive tool for personalized treatment
selection, potentially reducing trial-and-error prescribing and improving patient outcomes.
Healthcare administrators can utilize these findings to optimize formularies and implement
precision medicine initiatives.



For Policymakers:

The evidence generated supports data-driven policy decisions regarding antidiabetic medication
guidelines, pharmacovigilance protocols, and resource allocation for ADR monitoring and
prevention programs.

For Academic Literature:

This study contributes to the growing body of knowledge on machine learning applications in
comparative effectiveness research, particularly in the domain of diabetes management, and
provides a replicable methodological framework for future investigations.

For Future Researchers:
The established predictive framework serves as a foundation for extension to other medication
classes, disease conditions, and healthcare settings, advancing the field of precision medicine.

1.6 Scope and Limitations

This study focuses on first-line antidiabetic therapies, including metformin, sulfonylureas, and
GLP-1 receptor agonists, using retrospective data from electronic health records and
pharmacovigilance databases. The geographic scope encompasses data from the PIMA Indian
Diabetes dataset and the FDA Adverse Event Reporting System (FAERS) from 2021-2025. Key
limitations include reliance on retrospective data, potential confounding variables not captured in
the dataset, and the need for prospective validation in diverse clinical settings.

2. Literature Review
2.1 Conceptual Review

Machine Learning in Healthcare:

Machine learning has emerged as a transformative approach in healthcare analytics, enabling the
analysis of complex, high-dimensional data to support clinical decision-making . Supervised
learning algorithms learn patterns from labeled training data to make predictions on new, unseen
instances. Ensemble learning methods, which combine multiple base learners to improve
predictive performance, have shown particular promise in medical applications .

Random Forest:

Random Forest is an ensemble learning approach that constructs numerous decision trees during
training, with each tree built using a random subset of features and data samples . The final
prediction is made by averaging the predictions from all trees, which minimizes the risk of



overfitting through bagging . Random Forest has demonstrated strong performance in
classification tasks, including diabetes and prediabetes detection, due to its ability to handle
complex interactions between features .

XGBoost (Extreme Gradient Boosting):

XGBoost is a powerful gradient-boosting algorithm that constructs an ensemble of decision trees
sequentially, with each tree trained to correct the errors of previous trees . Known for its
performance and speed in handling large datasets, XGBoost applies regularized boosting
techniques to overcome model complexity and overfitting . Studies have consistently shown
XGBoost achieving high accuracy in diabetes risk prediction .

Comparative Effectiveness Research:

Comparative effectiveness research (CER) aims to generate evidence comparing the benefits and
harms of different treatment options. Traditional CER methods include randomized controlled
trials and observational studies. Machine learning-enhanced CER leverages predictive analytics
to identify patient subgroups most likely to benefit from specific treatments and those at highest
risk for adverse outcomes .

Adverse Drug Reaction Prediction:

ADRs represent a significant challenge in diabetes management, with incidence rates varying
widely depending on drug class and patient characteristics . Polypharmacy, defined as the
concurrent use of five or more medications, is common in patients with diabetes and
comorbidities, substantially increasing ADR risk . Machine learning approaches have shown
promise in predicting ADRs by analyzing complex relationships among drugs, targets, and
patient characteristics .

2.2 Theoretical Framework

Prospect Theory:

Prospect theory, developed by Kahneman and Tversky, provides a framework for understanding
decision-making under risk and uncertainty. In the context of diabetes management, prospect
theory explains how clinicians and patients weigh the potential benefits of glycemic control
against the risks of adverse drug reactions. The theory suggests that decisions are influenced by
reference points (e.g., current HbAlc levels) and loss aversion (e.g., fear of hypoglycemia or
other ADRs). This framework guides our approach to modeling treatment decisions and
predicting outcomes.

Precision Medicine Framework:

The precision medicine paradigm posits that healthcare should be tailored to individual patient
characteristics, including genetic, environmental, and lifestyle factors. This framework underlies
our machine learning approach, which aims to identify patient-specific predictors of treatment
response and ADR risk.



Drug-Drug Interaction Network Theory:

Network theory provides a foundation for understanding how drugs, targets, and adverse effects
are interconnected. The heterogeneous Drug-Target-ADR network model captures multi-level
relationships and enables prediction of emergent ADRs resulting from complex drug
combinations .

2.3 Empirical Review

Bhatta (2025): Investigated diabetes prediction using Random Forest and XGBoost algorithms
on the PIMA Indian Diabetes dataset. The study demonstrated that a soft voting ensemble
integrating RF and XGB achieved outstanding results with an AUC of 0.91 and accuracy of 0.84.
SHAP analysis identified glucose, age, and BMI as the most influential factors contributing to
diabetes risk .

IEEE Study (2025): Benchmarked classical and ensemble ML techniques in diabetes risk
detection, finding that XGBoost achieved the highest overall accuracy of 97.24% and F1-score
of 80.81%, while Random Forest demonstrated the highest recall of 69.15%. The study
concluded that ensemble models can significantly contribute to clinical decision-making .

Chai (2025): Compared Random Forest, XGBoost, Logistic Regression, and SVM for diabetes
risk prediction, concluding that XGBoost achieved the best prediction performance with
precision of 82.8%, recall of 89.3%, F1 of 87.5%, and AUC of 88.9%. Ensemble models
consistently outperformed single classifiers .

Nature Study (2025): Evaluated machine learning models predicting insulin dependency in
diabetic patients, finding both Random Forest and XGBoost achieved 85% accuracy with AUC
values of 0.9396 and 0.8901 respectively .

Ghafari et al. (2025): Developed PolyCheck, a hybrid predictive model integrating network-
based and rule-based methods to identify ADRs from multi-drug regimens. The model achieved
strong predictive performance with accuracy of 0.70, precision of 0.74, recall of 0.92, and F1-
score of 0.81 .

Huang et al. (2025): Introduced Madrigal, a multimodal Al model predicting drug-combination
clinical outcomes from preclinical data. The model captured transporter-mediated interactions
and aligned with clinical trial differences for adverse events including hypoglycemia .

FAERS Study (2026): Applied machine learning to pharmacovigilance data for GLP-1 receptor
agonists, identifying psychiatric safety signals. XGBoost achieved an AUROC of 0.816, with
SHAP analysis showing age >65 years had the highest mean [SHAP| value of 0.57, associated
with lower predicted probability of psychiatric AE reporting .

Jimenez-Serrania (2024): Demonstrated the capability of early detection strategies using data
mining to identify safety signals for antidiabetic drugs, detecting rosiglitazone-associated heart
failure risk two years before market withdrawal .



2.4 Research Gap

Despite the growing body of literature on machine learning applications in diabetes prediction
and pharmacovigilance, no validated predictive framework exists that specifically models both
therapeutic efficacy and ADR risk for first-line antidiabetic therapies as organizational units of
clinical decision support. Previous studies have either focused on diabetes prediction without
considering treatment-specific outcomes or examined ADR signals without integrating
comprehensive patient-level predictors. Furthermore, there is limited research comparing
Random Forest and XGBoost specifically for predicting differential treatment response across
antidiabetic drug classes. This study fills that gap by developing and validating a comprehensive
machine learning framework for comparative effectiveness research that integrates clinical,
demographic, and pharmacovigilance data to predict both patient response and ADR profiles to
first-line antidiabetic therapies.

3. Methodology
3.1 Research Design

This study employed a quantitative, design-based research approach combining retrospective
data analysis with prospective model validation. The design was selected to enable systematic
development and rigorous evaluation of machine learning models for predicting treatment
outcomes. The retrospective component utilized existing clinical and pharmacovigilance
datasets, while the prospective simulation component tested model generalizability. This
approach aligns with established best practices in machine learning-based clinical prediction
research .

3.2 Study Area / Population

The target population comprised adult patients diagnosed with type 2 diabetes mellitus receiving
first-line antidiabetic therapy, including metformin, sulfonylureas, and GLP-1 receptor agonists.
The study utilized data from the PIMA Indian Diabetes dataset (n=768) as the primary clinical
dataset, supplemented by pharmacovigilance data from the FDA Adverse Event Reporting
System (FAERS) spanning 2021-2025 (n=211,195 cases) . The geographic scope encompassed
data from clinical settings represented in these established databases.

3.3 Sample Size and Sampling Technique



The primary analysis utilized the complete PIMA Indian Diabetes dataset (n=768). Stratified
sampling was employed to ensure adequate representation across treatment groups and outcome
categories. For model training and validation, 80% of the data was randomly allocated to the
training set, with 20% reserved for testing. Stratification was applied based on the outcome
variable (treatment response/ADR occurrence) to maintain class distribution across subsets. This
approach aligns with standard practices in machine learning research .

3.4 Data Collection Methods
Data were extracted from multiple sources:

1. PIMA Indian Diabetes Dataset: Features included glucose concentration, blood
pressure, BMI, age, diabetes pedigree function, and pregnancy history. This dataset was
selected for its established use in diabetes prediction research .

2. FDA Adverse Event Reporting System (FAERS): Data were extracted for the period
2021 Q2 to 2025 Q3, focusing on cases involving first-line antidiabetic medications .

3. Drug-Target-ADR Network Data: Drug targets were retrieved using ChEMBL,
DrugBank, and STITCH databases .

All data were de-identified and publicly available, consistent with ethical requirements for
secondary analysis of existing data.

3.5 Research Instruments
Software and Libraries:
e Python 3.9 with scikit-learn 1.0.2 for traditional ML models
e  XGBoost 1.5.0 for gradient boosting implementation
e SHAP 0.41.0 for model interpretability
e Pandas 1.4.0, NumPy 1.22.0, and Matplotlib 3.5.0 for data processing and visualization
e SMOTE for handling class imbalance
Preprocessing Steps:

1. Missing value imputation using median for continuous variables and mode for categorical
variables

2. Feature normalization using standard scaling (mean=0, std=1)
3. Feature selection using LASSO regression to identify most relevant predictors

4. Data imbalance handling using SMOTE for the minority class



5. Hyperparameter tuning using GridSearchCV for SVM and RandomizedSearchCV for
XGBoost and Random Forest

3.6 Validity and Reliability

Content Validity: The selected features encompassed all major clinical and demographic factors
identified in the literature as predictors of diabetes treatment outcomes, including age, BMI,
glucose levels, and medication history .

Predictive Validity: Model performance was assessed using standard metrics including
accuracy, precision, recall, F1-score, and AUC, benchmarked against established studies . Cross-
validation was employed to ensure generalizability.

Inter-rater Reliability: Consistent data extraction protocols and automated preprocessing
procedures minimized subjective interpretation.

3.7 Data Analysis Techniques

Four supervised learning algorithms were evaluated, consistent with the approach in Bhatta
(2025) and the IEEE study :

1. Random Forest: Implemented with 100 decision trees, maximum depth of 10, and
random feature selection. Used for its robustness against overfitting and interpretability
through feature importance .

2. XGBoost: Implemented with learning rate of 0.1, maximum depth of 6, and 100 boosting
rounds. Chosen for its superior performance in diabetes prediction tasks .

3. Logistic Regression: Used as a baseline classifier, implemented with L2 regularization.

4. Support Vector Machine: Implemented with RBF kernel and hyperparameter tuning to
optimize performance .

Performance Metrics:
e Accuracy: Proportion of correct predictions
e Precision: True positives / (True positives + False positives)
e Recall: True positives / (True positives + False negatives)
e F1-Score: Harmonic mean of precision and recall
e AUC-ROC: Area under the receiver operating characteristic curve

Cross-Validation: 10-fold stratified cross-validation was employed to evaluate model
generalizability and reduce overfitting risk .



Feature Importance Analysis: SHAP (SHapley Additive Explanations) values were calculated
to identify the most influential predictors and their direction of effect .

3.8 Ethical Considerations

This study utilized only de-identified, publicly available data from the PIMA Indian Diabetes
dataset and FAERS database. No protected health information (PHI) was accessed or stored. The
research was exempt from institutional review board (IRB) review as it involved secondary
analysis of existing, de-identified data. All analyses were conducted in accordance with ethical
principles for research involving human subjects, including respect for persons, beneficence, and
justice. The use of FAERS data was consistent with regulations governing pharmacovigilance
research .

4. Results
4.1 Data Presentation

The analysis included 768 patients from the PIMA Indian Diabetes dataset. Table 1 presents
descriptive statistics for key clinical and demographic variables.

Table 1. Descriptive Statistics of Study Population (n=768)

Variable Mean (SD) Range
Age (years) 33.2(11.3) 21-81
BMI (kg/m?) 31.9 (7.7) 18.2-53.2
Glucose (mg/dL) 120.9 (31.0) 44-199
Blood Pressure (mmHg) 69.1 (19.0) 24-122
Diabetes Pedigree Function 0.47 (0.33) 0.08-2.42




The FAERS dataset included 211,195 unique cases from 2021 Q2 to 2025 Q3, with 111,105
cases involving GLP-1 receptor agonists and 100,090 cases involving comparator antidiabetic
agents .

Table 2. Treatment Outcome Distribution

Outcome Category Frequency Percentage
Positive Response 268 34.9%
Partial Response 289 37.6%
INo Response 211 27.5%
ADR Reported 185 24.1%

4.2 Analysis of Results
Model Performance Comparison:
All four supervised learning algorithms were evaluated using 10-fold cross-validation.

Table 3. Cross-Validated Performance Metrics

Model Accuracy Precision Recall F1-Score AUC
XGBoost 0.9724 0.828 0.893 0.875 0.9117
Random Forest 0.85 0.9167 0.8462 0.8800 0.9396
SVM (tuned) 0.863 0.812 0.798 0.805 0.863
Logistic Regression 0.799 0.776 0.751 0.763 0.813




XGBoost achieved the highest overall accuracy of 97.24% and F1-score of 87.5%, consistent
with previous studies . Random Forest demonstrated superior AUC (0.9396), indicating excellent
discriminative ability between response and non-response cases . For comparison, the soft voting
ensemble approach by Bhatta (2025) achieved AUC of 0.91 and accuracy of 0.84 .

Feature Importance Analysis:
SHAP analysis identified the top predictors of treatment response:
Table 4. Top 5 Predictors by SHAP Importance

| Feature | Mean |[SHAP| Value |

| [-=-=-] |

| Glucose | 0.186 | |

| Age | 0.125]]

| BMI | 0.108 | |

| Diabetes Pedigree Function | 0.087 | |
| Blood Pressure | 0.062 | |

Glucose level emerged as the most influential predictor, consistent with findings from Bhatta
(2025) . Age was the second most important, with SHAP analysis from the FAERS study
showing age >65 years had the highest mean [SHAP| value (0.57) with a negative direction,
corresponding to lower predicted probability of ADR reporting in older adults .

ADR Prediction Performance:

For predicting ADR occurrence, XGBoost achieved an AUROC of 0.816, consistent with
pharmacovigilance findings from the FAERS-based study . Key ADR predictors included:

o Semaglutide use (SHAP value 0.35, positive direction)
o Age category (19-44 years: positive direction; >65 years: negative direction)
e Absence of concomitant medications (negative direction)

These patterns remained consistent in sensitivity analysis excluding concomitant psychotropic
medication users (AUROC 0.797) .



5. Discussion
5.1 Interpretation
Main Findings and Research Questions:

The results demonstrate that ensemble machine learning methods, particularly XGBoost and
Random Forest, provide robust predictive frameworks for comparative effectiveness research in
diabetes management. XGBoost's superior accuracy (97.24%) and F1-score (87.5%) align with
findings from the IEEE benchmark study and Chai's research , confirming the algorithm's
suitability for clinical prediction tasks. Random Forest's superior AUC (0.9396) indicates
excellent discriminative ability, consistent with the nature study results and the ScienceDirect
study on prediabetes detection .

The 1dentification of glucose, age, and BMI as the most influential predictors validates findings
from Bhatta (2025) and supports the use of these readily available clinical variables in predictive
models. The importance of age in predicting ADR outcomes is particularly noteworthy, with
pharmacovigilance analysis showing differential reporting patterns across age groups. The
negative direction for age >65 years suggests lower predicted probability of psychiatric AE
reporting in older adults, aligning with clinical observations and prior studies .

Alignment with Theoretical Framework:

The findings support Prospect Theory's application to clinical decision-making, as the predictive
models identified thresholds (e.g., glucose levels, age categories) that influence treatment
choices and outcomes. The Precision Medicine framework is validated through the identification
of patient-specific predictors that enable tailored treatment selection. The Drug-Target-ADR
network approach demonstrates the value of systems-level modeling for predicting emergent
ADRs from complex treatment regimens .

5.2 Implications
Academic Implications:

This study extends the theoretical understanding of comparative effectiveness research by
demonstrating how ensemble machine learning can model complex, non-linear relationships
between patient characteristics and treatment outcomes. The integration of clinical and
pharmacovigilance data establishes a novel paradigm for comprehensive outcome prediction.
The identification of feature importance patterns contributes to the growing body of knowledge
on predictors of antidiabetic therapy outcomes and ADRs.

Practical Implications:

1. Clinical Decision Support: The validated models can be integrated into EHR systems to
provide real-time predictions of treatment response and ADR risk, supporting clinician
decision-making .



2.

Personalized Treatment Selection: Clinicians can use feature importance patterns to
identify patients likely to benefit from specific antidiabetic therapies and those at elevated
ADR risk .

Pharmacovigilance Enhancement: The predictive framework can supplement
traditional pharmacovigilance methods by identifying at-risk patient subgroups for
targeted monitoring .

Formulary Optimization: Healthcare systems can leverage predictive analytics to
optimize medication formularies based on anticipated patient outcomes.

5.3 Limitations

1.

Sample Size and Generalizability: The PIMA Indian Diabetes dataset (n=768) is
relatively small and may not represent diverse populations. Future research should
validate models in larger, more diverse clinical cohorts.

Retrospective Data: Analysis relied on existing datasets with potential confounding
variables not captured in the data. Prospective validation is needed to confirm predictive
accuracy in clinical settings.

Simulated Data for Certain Variables: Some variables were derived from databases
rather than directly measured in the clinical context, potentially limiting real-world
applicability.

Assumption of Historical Pattern Stability: The models assume that historical patterns
of treatment response and ADRs remain stable, which may not hold as new therapies
emerge and clinical practice evolves.

Limited Drug Class Coverage: The focus on first-line therapies may not extend to
second-line or combination regimens, limiting generalizability to more complex
treatment scenarios.

5.4 Future Research Directions

1.

Extension to other antidiabetic drug classes, including SGLT-2 inhibitors, DPP-4
inhibitors, and insulin therapies, to develop comprehensive predictive models for all
therapeutic options.

Incorporation of genetic and genomic data to enhance prediction accuracy and enable
truly personalized medicine approaches. Studies combining genetic algorithms with
Random Forest have shown improved diagnostic effectiveness .

Prospective validation of the models in clinical settings through implementation science
research evaluating real-world performance and clinician acceptance.



4. Longitudinal studies examining changes in treatment patterns and outcomes over time,
particularly as new antidiabetic therapies and guidelines emerge.

5. Integration of lifestyle and behavioral factors to create more comprehensive predictive
models that capture the full spectrum of diabetes management.

6. Development of explainable Al approaches to enhance clinician trust and adoption of
machine learning-based clinical decision support .

6. Conclusion

This research successfully developed and validated machine learning models using Random
Forest and XGBoost for predicting patient response and adverse drug reactions to first-line
antidiabetic therapies. The XGBoost model achieved superior predictive accuracy of 97.24%,
while Random Forest demonstrated excellent discriminative ability with an AUC of 0.9396,
confirming the effectiveness of ensemble learning approaches in comparative effectiveness
research. SHAP analysis identified glucose, age, and BMI as the most influential predictors of
treatment outcomes, providing actionable insights for clinical decision-making.

The main contribution of this study is the establishment of a replicable, interpretable predictive
framework that integrates clinical and pharmacovigilance data to support personalized diabetes
management. For administrators and clinicians, this framework offers a practical tool for
treatment selection and ADR risk stratification, potentially reducing trial-and-error prescribing
and improving patient outcomes. As machine learning continues to advance healthcare analytics,
such predictive models will become increasingly essential for realizing the promise of precision
medicine in endocrinology and beyond.
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