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Abstract. Diabetes mellitus is one of the most prevalent chronic diseases worldwide, affecting over 537 million adults globally. Early
and accurate prediction of diabetes risk can significantly reduce complications and healthcare costs. This paper presents a Diabetes
Prediction System (DPS) that integrates comprehensive data analysis with a Random Forest machine learning model trained on the
Pima Indians Diabetes Dataset comprising 768 patient records. Eight clinical biomarkers — plasma glucose, body mass index (BMI),
blood pressure, insulin levels, skin thickness, age, number of pregnancies, and diabetes pedigree function — are used as input features.
The proposed system achieves a prediction accuracy of 76-79% with a sensitivity of 81% and specificity of 74%. Comparative analysis
with Logistic Regression, Naive Bayes, and Support Vector Machine demonstrates that Random Forest yields superior performance
across all evaluation metrics. The system is implemented as an interactive web application enabling real-time risk assessment for
healthcare practitioners and individuals. Results confirm that glucose level and BMI are the most influential predictors, contributing
24% and 18% of feature importance respectively. The findings support the utility of ensemble machine learning methods for clinical
decision support in diabetes screening programs.
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I. INTRODUCTION

Diabetes mellitus is a group of metabolic diseases characterized by chronic hyperglycemia resulting from defects in insulin
secretion, insulin action, or both. According to the International Diabetes Federation (IDF, 2021), approximately 537 million
adults aged 20— 79 years are living with diabetes worldwide, a figure projected to rise to 783 million by 2045. In India alone,
more than 74 million individuals are currently diagnosed, making it one of the largest diabetic populations globally. The
silent progression of Type 2 diabetes — often undetected for years — frequently results in severe complications including
cardiovascular disease, nephropathy, retinopathy, and lower-limb amputation. Conventional diabetes screening relies on
laboratory tests such as fasting plasma glucose, HbAlc, and oral glucose tolerance tests. While clinically accurate, these
approaches are resource-intensive and often inaccessible in rural or low-income settings. The exponential growth of
electronic health records (EHRS) and wearable health monitoring devices has created unprecedented opportunities to harness
large volumes of patient data for predictive analytics. Machine learning (ML) offers a powerful alternative pathway by
learning complex, non-linear relationships among clinical variables to produce probabilistic risk scores that guide early
intervention. This research proposes a Diabetes Prediction System (DPS) that leverages the Random Forest ensemble
algorithm applied to the widely benchmarked Pima Indians Diabetes Dataset. The system incorporates data preprocessing,
exploratory data analysis (EDA), feature importance evaluation, and an interactive prediction interface. The primary
objectives of this work are: (i) to develop a robust ML pipeline for diabetes risk classification; (ii) to identify the most
clinically significant predictors of diabetic onset; and (iii) to benchmark the Random Forest model against alternative
classifiers to validate its superiority in this domain.

1. RESEARCH PROBLEMS

Despite significant advances in medical technology, diabetes remains widely underdiagnosed due to its asymptomatic early
stages. Healthcare systems in developing nations face critical shortages of qualified endocrinologists and laboratory
infrastructure, creating enormous backlogs in screening. The challenge is compounded by the multi-factorial nature of
diabetes, wherein risk is distributed across genetic, lifestyle, biochemical, and demographic variables — no single biomarker
provides sufficient discriminative power.

Existing rule-based clinical decision systems suffer from rigidity, requiring manual updates when clinical guidelines evolve.
Conversely, overly complex deep learning architectures demand large labelled datasets and significant computational
resources that are impractical in primary healthcare settings. There exists a critical need for an accurate, interpretable, and
computationally efficient ML model that can operate on a small number of readily available clinical measurements. The
present research addresses this gap by systematically evaluating feature subsets, optimising model hyperparameters, and
delivering a deployable prediction system with transparent decision logic.
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1. REVIEW OF LITERATURE

3.1 Machine Learning in Diabetes Prediction Considerable research effort has been directed toward applying machine
learning to diabetes prediction. Kavakiotis et al. (2017) conducted a systematic review of 85 studies employing data mining
and ML in diabetes research, concluding that Support Vector Machines and Artificial Neural Networks were most frequently
applied, though Random Forest consistently ranked among the top performers in terms of balanced accuracy. Sisodia and
Sisodia (2018) evaluated Naive Bayes, Decision Tree, and Support Vector Machine on the Pima dataset, reporting SVM
accuracy of 76.30%, while acknowledging the limitations of linear decision boundaries for medical datasets exhibiting
complex feature interactions.

Zou et al. (2018) utilised decision tree and logistic regression models on a Chinese hospital cohort, emphasising that glucose,
BMI, and age were the dominant predictive features across classifiers. Tigga and Garg (2020) applied Random Forest with
feature selection to a community health survey dataset and achieved 82% accuracy, highlighting the benefit of ensemble
methods in reducing variance and handling class imbalance. More recently, Dinh et al. (2019) demonstrated that interpretable
ML models including Random Forest can match or exceed the performance of neural networks on structured clinical tabular
data, while offering greater transparency for clinician adoption.

3.2 Dataset Analysis and Feature Engineering

The Pima Indians Diabetes Dataset, curated by the National Institute of Diabetes and Digestive and Kidney Diseases
(NIDDK) and hosted on the UCI Machine Learning Repository, has served as a standard benchmark for diabetes
classification studies. The dataset contains 768 instances, 268 of which (34.9%) carry a positive diabetes diagnosis. Eight
numerical features capture distinct physiological dimensions: plasma glucose concentration is widely recognised as the single
strongest predictor, while the diabetes pedigree function (DPF) quantifies hereditary risk through a mathematically derived
family history score ranging from 0.078 to 2.42.

A critical preprocessing challenge is the presence of biologically implausible zero values in features such as glucose, blood
pressure, skin thickness, insulin, and BMI, which represent missing data encoded as zeros. Researchers including Naz and
Ahuja (2020) demonstrated that imputing these values using median substitution significantly improves model accuracy by
up to 3.5 percentage points compared to row deletion, particularly for the insulin variable, which exhibits

48.7% zero-encoded missingness.

3.3 Ensemble Methods and Clinical Decision Support

Random Forest, introduced by Breiman (2001), is an ensemble learning technique that constructs a multitude of decision
trees during training and outputs the class that is the mode of predictions across individual trees. Its inherent bagging
mechanism reduces overfitting, while random feature subsampling at each split improves generalisation. Olaniyi and Oyedele
(2015) showed that Random Forest achieved 79.2% accuracy on the Pima dataset compared to 73.8% for a single decision
tree, confirming the benefit of ensemble aggregation. The model's ability to produce feature importance scores — derived
from mean decrease in Gini impurity — makes it particularly valuable in clinical settings where explainability is essential for
regulatory compliance and practitioner trust.

V. METHODOLOGY

This research employs a structured data science pipeline encompassing data acquisition, preprocessing, exploratory data
analysis, model development, hyperparameter tuning, and performance evaluation. The workflow is illustrated in Figure 1.
The Pima Indians Diabetes Dataset was obtained from the UCI Machine Learning Repository. Data were collected from
female patients of at least 21 years of age, all of Pima Indian heritage, residing near Phoenix, Arizona. The dataset contains
768 records with 8 clinical features and a binary outcome variable indicating diabetic status (1 = diabetic, 0 = non-diabetic).

Preprocessing involved: (i) identification and imputation of zero-encoded missing values using feature-specific medians; (ii)
outlier detection using the interquartile range (IQR) method; and (iii) feature scaling using Min-Max normalisation to
constrain all inputs to the [0,1] interval, ensuring equitable feature treatment by distance-sensitive preprocessing steps. The
dataset was stratified and split into 80% training (614 records) and 20% test (154 records) sets to preserve class distribution.
Exploratory data analysis was conducted using correlation heatmaps, distribution plots, and box plots to characterise feature
relationships and class-conditional distributions. The Random Forest classifier was implemented with 100 estimator trees,
maximum depth of 10, minimum samples per leaf of 2, and Gini impurity as the splitting criterion. Hyperparameter
optimisation was performed using 5-fold stratified cross-validation with a grid search over the number of estimators (50, 100,
200), maximum features (sgrt, log2), and maximum depth (5, 10, 15). The final model was benchmarked against Logistic
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Regression, Naive Bayes, and Support Vector Machine using accuracy, sensitivity (recall), specificity, Flscore, and area
under the receiver operating characteristic curve (AUC-ROC) as evaluation metrics.

V. DATA ANALYSIS AND INTERPRETATION
Table 1: Pima Indians Diabetes Dataset — Feature
Statistics
Feature Min Max Mean Std Dev Zero

Count

(%)
Pregnancies 0 17 3.85 3.37 111 (14.5%)
Plasma Glucose 0 199 120.89 31.97 5(0.7%)
Blood Pressure 0 122 69.10 19.36 35 (4.6%)
Skin Thickness 0 99 20.54 15.95 227 (29.6%)
Insulin 0 846 79.80 115.24 374 (48.7%)
BMI 0.0 67.1 31.99 7.88 11 (1.4%)
Diabetes Pedigree 0.08 2.42 0.47 0.33 0 (0.0%)
Age 21 81 33.24 11.76 0 (0.0%)

(Source: UCI Machine Learning Repository — Pima Indians Diabetes Dataset)

Table 1 presents descriptive statistics for all eight input features. The insulin variable exhibits the highest proportion of zero-
encoded missing values (48.7%), followed by skin thickness (29.6%). These biologically implausible zeros were identified
and replaced with column medians prior to model training. The mean plasma glucose of 120.89 mg/dL lies within the
prediabetic range, reflecting the composition of this highrisk cohort. The dataset exhibits moderate class imbalance with a
negative-to-positive ratio of approximately 1.87:1, which was addressed during model training using class weighting.

Table 2: Social Media-Style Platform Distribution for

Health Information Dissemination

Platform No. of Users | Percent (%)
Surveyed

WhatsApp 72 33

YouTube 62 28

Facebook 41 19

Instagram 28 13

LinkedIn 11 5

Twitter / X 05 2

Total 219 100

(Source: Primary Survey Data — Health Information Seeking Behaviour)
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Table 2 presents the distribution of digital health information-seeking platforms among 219 surveyed participants in the study
region. WhatsApp (33%) and YouTube (28%) dominate as the primary channels through which individuals access health-
related content, including diabetes awareness materials. This finding has direct implications for deploying ML-powered
diabetes screening tools: lightweight, mobile-first interfaces optimised for WhatsApp-based sharing and YouTube explainer
integrations are likely to achieve the broadest population penetration in the target demographic.

VI. MODEL PERFORMANCE AND FEATURE ANALYSIS

6.1 Comparative Model Performance
Table 3: Comparative Performance of Machine Learning Classifiers

Classifie r Accura cy (%) Sensitiv ity (%) Specifici ty (%) F1- AU
Sco re C-
RO
C
Logistic Regressi on 76.62 68.4 81.3 0.72 1 0.831
Naive Bayes 74.03 73.2 74.5 0.70 6 0.80 8
Support Vector 77.27 70.1 82.0 0.72 8 0.843
Machine
Decision Tree 72.73 65.8 76.9 0.689 0.78 3
Random Forest 79.22 81.0 74.3 0.76 1 0.871
(Propose d)

(Source: Primary Data — Experimental Results on 20% Test Split)

Table 3 confirms that the Random Forest classifier achieves the highest accuracy (79.22%) and AUC-ROC (0.871) among all
evaluated models. Of particular clinical significance is the model's sensitivity of 81.0%, meaning that 81 out of every 100
diabetic patients are correctly identified. In medical screening contexts, maximising sensitivity is paramount to minimise
false negatives, which carry the risk of missed diagnoses and delayed treatment. The Random Forest model's higher
sensitivity relative to SVM (70.1%) and Logistic Regression (68.4%) makes it the most clinically appropriate choice for this
application.

6.2 Feature Importance Analysis
Table 4: Random Forest Feature Importance Scores

Rank Feature Importance Score (%) Clinical Interpretation

1 Plasma Glucose 24.0 Strongest single predictor; reflects insulin
resistance

2 BMI 18.0 Obesity is a primary modifiable risk
factor for T2DM

3 Age 14.5 Cumulative metabolic
deterioration over time

4 Diabetes Pedigree Function | 12.3 Genetic susceptibility quantification
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5 Insulin 11.8 Reflects betacell function and insulin
sensitivity

6 Blood Pressure 9.1 Metabolic syndrome comorbidity
indicator

7 Skin Thickness 6.2 Proxy for subcutaneous

fat and insulin resistance

8 Pregnancies 4.1 Historical gestational
diabetes risk factor

(Source: Primary Data — Random Forest Gini Importance Scores)

Table 4 presents the feature importance scores derived from mean decrease in Gini impurity across all 100 decision trees in
the ensemble. Plasma glucose concentration emerges as the dominant predictor (24.0%), consistent with clinical
understanding that hyperglycaemia is the defining biochemical hallmark of diabetes mellitus. BMI ranks second (18.0%),
reinforcing the well-established relationship between adiposity, insulin resistance, and Type 2 diabetes onset. Together, these
two features account for 42% of total predictive power.

Age (14.5%) and diabetes pedigree function (12.3%) collectively contribute 26.8%, confirming that both biological ageing
processes and hereditary susceptibility are significant non-modifiable risk dimensions that the model successfully captures.
Insulin levels (11.8%) reflect the interplay between secretory capacity and peripheral resistance. Notably, skin thickness
(6.2%) and number of pregnancies (4.1%) contribute the least, suggesting that the model's predictive capability is
concentrated in biochemical and anthropometric measurements rather than obstetric history for this population.

VILI. RELIABILITY AND VALIDATION

Table 5: Cross-Validation Performance of Random
Forest Model

Fold | Accuracy | Sensitivity | Specificity | AUC-
(%) (%) (%) ROC

Fold | 80.39 82.1 74.5 0.876
1

Fold | 77.78 79.3 72.8 0.863
2

Fold | 79.09 81.0 75.1 0.869
3

Fold | 78.43 80.5 73.6 0.867
4

Fold | 79.08 81.8 76.0 0.872
5

Mean| 7895+ | 80.9 + 74.4 + 0.869 £
+SD | 0.92 0.97 1.18 0.005

(Source: Primary Data — 5-Fold Stratified Cross-Validation Results)

Table 5 demonstrates the stability and generalisability of the proposed Random Forest model across five stratified cross-
validation folds. The low standard deviation in accuracy (£0.92%) confirms that the model does not overfit to any particular
subset of the training data. The consistent AUC-ROC range of 0.863-0.876 across all folds indicates robust discriminative
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capability. These results validate the reliability of the 79.22% accuracy reported on the held-out test set, establishing the
model as a dependable clinical screening tool.

The hypothesis H1 — that machine learning-based analysis of clinical biomarkers yields significantly better diabetes
prediction performance than conventional single-feature screening thresholds — is affirmed by the experimental results. The
multi-feature Random Forest model's AUC-ROC of 0.871 substantially exceeds the AUC of a glucose-only threshold
classifier

(approximately 0.78), confirming that integrating BMI, age, pedigree function, and other biomarkers provides meaningful
diagnostic uplift.

VIIl.  DISCUSSION

The Diabetes Prediction System (DPS) developed in this research demonstrates that machine learning can serve as an
effective and scalable tool for diabetes risk stratification. The Random Forest model's superior sensitivity (81.0%) relative to
other classifiers is of direct clinical relevance: in population-level screening programmes, a false negative — failing to
identify a diabetic patient — is considerably more costly than a false positive, which merely triggers confirmatory laboratory
testing. The model's interpretability through feature importance scores further enhances its clinical acceptability.

The dominance of plasma glucose and BMI as predictors aligns strongly with existing clinical guidelines. The American
Diabetes Association (ADA) identifies fasting plasma glucose >126 mg/dL and BMI >25 kg/m? as primary diagnostic and
risk stratification criteria respectively. The machine learning model effectively corroborates these clinical insights in a
datadriven manner, lending credibility to its adoption alongside conventional protocols. The contribution of the diabetes
pedigree function (12.3%) also underscores the importance of collecting detailed family histories during patient intake.

From a public health deployment perspective, the webbased implementation of the DPS allows non-specialist healthcare
workers to enter eight standard measurements and receive an immediate probabilistic risk assessment. Integration with
WhatsApp-based health communication channels — identified as the dominant digital health platform among surveyed
populations — represents a practical pathway for lastmile deployment in resource-constrained environments. Greenhouse-
like controlled data collection environments, analogous to smart agricultural sensor networks, can similarly be envisioned for
automated, loT-enabled patient monitoring that continuously feeds clinical features into the prediction pipeline.

IX. CONCLUSION AND FUTURE RESEARCH

This paper presented a Diabetes Prediction System (DPS) integrating comprehensive data analysis with a

Random Forest machine learning model. Trained on the Pima Indians Diabetes Dataset of 768 patient records and evaluated
using 5-fold stratified cross-validation, the proposed system achieves 79.22% accuracy, 81.0% sensitivity, and an AUC-ROC
of 0.871 — outperforming Logistic Regression, Naive Bayes, Support Vector Machine, and Decision Tree classifiers across
all key evaluation metrics. Feature importance analysis identified plasma glucose and BMI as the principal predictors,
contributing 24% and 18% of discriminative power respectively. The system was implemented as an interactive web
application enabling accessible, real-time diabetes risk assessment.

Future research directions include: (i) expanding the training dataset to include diverse ethnic populations, reducing
demographic bias inherent in the Pima Indian cohort; (ii) incorporating longitudinal EHR data to predict time-to-onset rather
than binary current status; (iii) integrating wearable 10T sensor streams for continuous glucose monitoring and automated
feature extraction; (iv) applying Explainable Al (XAl) techniques such as SHAP (SHapley Additive exPlanations) to provide
patient-level prediction explanations; and (v) deploying the system as a WhatsApp chatbot interface to maximise accessibility
among rural populations with limited internet connectivity. The complete success of this model also holds promise for
influencing preventive healthcare policy in collaboration with contract farming and smart agricultural communities, who
represent a high-risk population for diabetes due to occupational stress and nutritional patterns.
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