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ARTICLE INFO ABSTRACT

Diabetes, a chronic metabolic disorder, has affected millions of people worldwide, thus it is 
important to develop accurate predictive models for early intervention and improved patient 
prognosis. This paper aims to introduce a predictive model for diabetes onset using the Pima 
Indians Diabetes Dataset and the random forest algorithm, a machine learning approach that 
handles complex, nonlinear data well. The model was built with the goal of optimizing accu-
racy, reliability and interpretability for clinical applications. Data normalization and class im-
balance management with the synthetic minority over-sampling Technique were among the 
data pre-processing steps that resulted in a substantial improvement in model performance. 
The random forest model exhibited good performance in predicting diabetes with an accuracy 
of 80%, precision of 77% and recall of 68%. The feature importance analysis revealed that glu-
cose levels, body mass index and age are the most important predictors. To improve the model 
interpretability and clinical utility, the predictions were interpreted using the Shapley Additive 
Explanations, thereby allowing the healthcare professionals to trust and utilize the model for 
risk assessment. The results underscore the potential of machine learning, particularly the 
random forest algorithm in aiding early diagnosis of diabetes and assisting healthcare provid-
ers to identify high-risk individuals for timely intervention.
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INTRODUCTION

Diabetes is a long-lasting metabolic condition marked 
by high blood sugar levels, impacting more than 529 mil-
lion people around the globe [1,2]. Factors such as lifestyle 
and genetics drove the rapid rise in type 2 diabetes, placing 
immense pressure on healthcare systems globally, mainly 

due to complications like cardiovascular disease [3,4]. The 
increasing prevalence of diabetes resulted in severe health 
outcomes, including renal failure, visual impairment, and 
amputations, which had a profound impact on public 
health, healthcare costs and the quality of life of individuals 
[5,6]. To mitigate this burden, it was crucial to implement 
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effective management and prevention strategies to decrease 
mortality and morbidity and improve overall well-being 
[7,8].

However, even with the progress on diabetes man-
agement, the current prediction approaches are often not 
accurate enough, as they are not able to consider the indi-
vidual difference in the treatment responses. Traditional 
approaches such as logistic regression and decision trees, 
failed to model the complex interactions among a large 
number of health indicators, and thus lower the prediction 
accuracy. Machine learning approaches, especially the ran-
dom forests, provided a solution by using large datasets and 
modeling nonlinear relationships, thus improved the pre-
diction performance [3,9].

Recent studies [7] and [8] have shown the effectiveness 
of machine learning algorithms including random for-
ests in signaling diabetes. Accurate predictive models and 
prompt intervention resulted in a significant decrease in 
complications and better patient outcomes. Random for-
est models demonstrated high accuracy and reliability in 
dealing with high-dimensional, non-linear data using data 
such as EHRs and genetic information. This study suggests 
that the random forest algorithm could offer more accurate 
and personalized predictions of diabetes onset compared to 
conventional models, such as logistic regression and deci-
sion trees.

The study used Pima Indians Diabetes Dataset (PIDD) 
one of the most used datasets in diabetes study to develop 
a random forest based predictive model [10,11]. The PIDD 
contains important health indicators such as glucose lev-
els and body mass index (BMI). The health metrics in the 
dataset made it an ideal candidate for random forest as 
it can infer complex relationships between features and 
improve the accuracy of the prediction. The objectives of 
this study were as follows: 1) to develop a robust predic-
tive model for the onset of diabetes using random forest 
algorithms, 2) to optimize the model for better accuracy 
and reliability, and 3) to ensure the interpretability and 
transparency of the model for clinical settings. The goal 
of this study was to develop personalized approaches to 
diabetes prediction to improve prediction accuracy and 
to make personalized interventions to improve overall 
health outcomes.

REVIEW OF RELATED LITERATURE

Recent literature on diabetes has been concerned with 
the application of machine learning algorithms for the 
improvement of diagnosis, management and prediction 
of the disease [12]. Various techniques such as decision 
trees, support vector machines (SVMs), neural networks 
and ensemble methods have been used on large datasets to 
study and discover patterns related to diabetes risk factors 
and complications [13-15]. Studies have shown that logis-
tic regression and random forest algorithms are able to 

effectively predict the onset of diabetes by studying demo-
graphic, lifestyle and genetic data [16].

Machine learning algorithms have been promising to 
diagnose diabetes especially random forests [9,17]. Random 
forests were particularly beneficial to handle large datasets, 
to recognize complex non-linear relationships between 
different health indicators and to improve the prediction 
accuracy [18]. Random forests outperformed traditional 
models such as logistic regression that yielded around 70% 
accuracy in similar studies. This finding is in line with the 
goal of this study to build a robust predictive model with 
optimal accuracy and reliability [10,19,20].

Random forests had many advantages but they also 
had a major difficulty which is their interpretability. The 
lack of transparency was a hindrance to apply it in a clini-
cal setting since health professionals needed to know why 
such predictions were made [21]. To overcome these chal-
lenges, methods such as Shapley Additive Explanations 
(SHAP) and Local Interpretable Model-agnostic 
Explanations (LIME) were invented to give insights into 
how much specific features contributed to the individual 
prediction [22-24]. These methods improved the trans-
parency by clarifying how much each feature contributed 
to the prediction [25]. For example, SHAP values helped 
better understanding of the decision-making process of 
the model by illustrating the influence of each feature on 
the prediction, leading to increased trust from healthcare 
professionals [26]. By including these techniques, the 
study sought to ensure that the model’s predictions were 
not only accurate, but also explainable and actionable in 
clinical settings [27].

Another improvement in the current approaches was 
the handling of imbalanced datasets, which can signifi-
cantly affect the model’s performance. The PIDD used in 
this work had a class imbalance of 600 nondiabetic and 
168 diabetic instances [11,28]. Cost sensitive learning and 
Synthetic Minority Over-sampling Technique (SMOTE) 
were widely used to handle the imbalance [29,30]. SMOTE 
increased the recall, which allowed the model to identify 
positive cases of diabetes better. In this work, SMOTE was 
used to balance the dataset to optimize the model for high 
accuracy and reliability [31,32].

PIDD was also one of the most common datasets used 
in diabetes research and served as the foundation of our 
analysis. It included key health indicators such as age, BMI, 
and glucose level that are well suited to the random forest’s 
capacity to model complex feature interactions. Recent 
studies using PIDD demonstrated that machine learning 
approaches can achieve high accuracy in predicting dia-
betes which reinforced the relevance of this dataset to our 
work [33,34]. Focusing on a dataset with established links 
to diabetes risk factors, our study sought to build on the 
existing literature while providing valuable insights to the 
growing field of diabetes prediction.
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MATERIALS AND METHODS

Data Description
The Pima Indians Diabetes Dataset (PIDD) from the 

National Institute of Diabetes and Digestive and Kidney 
Diseases was used in the present study to analyze the high 
prevalence of diabetes among the Pima Indian population 
[11]. The dataset had 768 records with nine attributes, 
including eight predictor variables, such as the number of 
pregnancies, plasma glucose concentration after a 2-hour 
oral glucose tolerance test, diastolic blood pressure, triceps 
skin fold thickness, 2-hour serum insulin, body mass index 
(BMI), diabetes pedigree function and age [35,36], and the 
ninth variable denoting the target for the presence (1) or 
absence (0) of diabetes [37]. The unique genetic and life-
style factors among the Pima Indian population contrib-
uted significantly to a high incidence of diabetes, which is 
why this dataset was particularly relevant.

The PIDD was processed using Python which is a ver-
satile programming language that is widely used in data 
analysis and machine learning. The main libraries used in 
this study were Pandas for data manipulation , NumPy for 
numerical operations and Scikit-learn for machine learn-
ing model development. Before model development, exten-
sive exploratory data analysis (EDA) was performed which 
included calculation of descriptive statistics and visualiza-
tion of distributions to understand the characteristics of the 

data. Initial insights showed that 34.9 % of the records indi-
cated diabetes, indicating the balance of the dataset.

Figure 1 presents the overall architecture of the proposed 
diabetes prediction framework using the Random Forest 
algorithm. The workflow outlines the key stages involved 
in the development of the predictive model, beginning 
with data preprocessing and feature engineering, followed 
by model training and evaluation. To enhance transpar-
ency and clinical applicability, the framework incorporates 
SHAP-based interpretability before generating the final 
diabetes risk prediction. The architecture provides a struc-
tured overview of the methodology adopted in this study, 
while the specific processes and outcomes of each stage are 
discussed in the succeeding sections.

Data Preprocessing
Data preprocessing involved various techniques such 

as normalization, imputation, and outlier detection. o 
improve the performance of the models, the continuous 
variables were normalized using the StandardScaler from 
scikit-learn to make the features, such as glucose concen-
tration and BMI, comparable in scale. Normalization is 
necessary in order not to allow any component to dominate 
the model due to the differences in scale [38,39]. Missing 
values were treated using the SimpleImputer module to 
replace them with the mean or median of the feature. The 
distribution of the features was visualized using Matplotlib 
and Seaborn, which was helpful to identify and deal with 
extreme values that could affect the model performance. 
Outliers were identified using methods such as the IQR 
(Interquartile Range).

Statistical Analysis
Descriptive statistics were performed to describe the 

data set and analyze the relationship between health attri-
butes and onset of diabetes [40]. Mean and median and stan-
dard deviation were calculated for all variables. Correlation 
analysis was done with the Pearson or Spearman correlation 
coefficients to test the strength and direction of the rela-
tionship between predictor variables and the target variable 
(presence of diabetes) [41]. Pearson coefficients were used 
for normally distributed data and Spearman coefficients 
for non normally distributed variables [42]. Further sig-
nificance testing was done by t-tests and ANOVA to test 
whether the differences in predictor variables were statis-
tically significant between diabetic and nondiabetic groups 
at a significance level of p<0.05 [43].

Selection of a Machine Learning Model
For this study, the random forest algorithm was selected 

as the machine learning model and was implemented using 
the Scikit-learn library in Python [44]. This library was a 
comprehensive platform for the development and evalua-
tion of machine learning models with utilities for training, 
testing and tuning [41,45]. This model alleviated the lim-
itations of traditional prediction techniques by consider-
ing the complex interactions of multiple health indicators Figure 1. Architecture of the implemented model.
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contained in the PIDD. The random forest model allevi-
ated these limitations by aggregating the predictions of a 
multitude of decision trees which reduced overfitting and 
increased robustness. This was especially important for 
medical datasets like PIDD where individual responses to 
health indicators varied.

Random forests also gave some insight into the impor-
tance of features which allowed us to identify the most com-
pelling health metrics that could be used to predict diabetes 
onset. Random forests classify tasks by building multiple 
decision trees and aggregating their predictions , avoiding 
overfitting and increasing robustness to noisy data [46,47]. 
The RandomForestClassifier module was used to develop 
the predictive model, taking advantage of the algorithm’s 
ensemble nature to achieve higher classification accuracy. 
This ensemble approach was able to capture interactions 
among variables, which is important in medical datasets 
where the development of diabetes is influenced by factors 
such as glucose levels and BMI. Random forests also pro-
vided feature importance rankings, which provided insight 
into the variables that were strong predictors of diabetes 
[48]. The rankings were visualized with the visualization 
tools provided by scikit-learn , which underlined influential 
variables such as glucose levels and BMI. This interpretabil-
ity was important for healthcare professionals to be able to 
identify interventions for individuals at risk.

However, random forests may present computational 
challenges in the hyperparameter optimization [49]. Other 
algorithms, such as SVMs, were considered but not used 
because of the complexity of tuning the parameters, such as 
the kernel functions and the regularization parameters [50]. 
The choice of random forests was based on the balanced 
performance, interpretability, and robustness to PIDD. The 
reason to choose the algorithm was based on the fact that 
it can model complex nonlinear relationships of large data-
sets, which is the reason for the selection of random forests 
for this study, which is a critical method for dealing with 
high-dimensional medical data such as PIDD. Random for-
ests also provided a trade-off between accuracy and inter-
pretability through the feature importance rankings. The 
rankings provided healthcare professionals with actionable 
insights by identifying key predictors of diabetes such as 
glucose levels and BMI. While other models like SVMs can 
sometimes provide higher accuracy, they are less interpre-
table and hence random forests are more appropriate for 
clinical applications where interpretability is important.

Model Training and Hyperparameter Tuning
Model training and hyperparameter tuning were exten-

sively performed using Python and Scikit-learn. The PIDD 
was split into training (70%), validation (15%) and test 
(15%) sets using the train_test_split function in Scikit-
learn, ensuring that the model is evaluated without bias. 
The model learnt different combinations of features and 
target labels from the training set and the validation set was 

used to evaluate the performance of the model and tune the 
hyperparameters during training [51].

The researchers employed Scikit-learn’s GridSearchCV 
and RandomizedSearchCV to fine-tune hyperparameters. 
These utilities provided an efficient search of the pre-de-
fined hyperparameter space by sampling combinations of 
parameters, such as the number of trees (n_estimators), the 
maximum depth of a tree (max_depth), and the minimum 
number of samples required to split an internal node (min_
samples_split). The authors used K-fold cross-validation 
(k=5) to ensure the model’s performance was consistent 
across the different data splits, minimizing the possibility 
of overfitting [52,53]. The performance of the random for-
est model on the validation and test sets was assessed using 
a set of model evaluation metrics available in Scikit-learn, 
including accuracy, precision, recall, and the F1-score, 
which provide an indication of its capacity to generalize to 
unseen data during the training process [54].

Data Interpretation
The authors analyzed the clinical significance of the ran-

dom forest model results. The accuracy metrics, precision 
and recall, were analyzed to determine the model’s effec-
tiveness in accurately predicting patients at risk of diabetes 
[55]. High precision means that the model made accurate 
predictions thus minimizing false positives and unneces-
sary interventions. High recall means that the model was 
able to identify most of the real cases of diabetes which is 
crucial for early diagnosis and treatment [56].

	 The model pinpointed major predictors such as 
glucose levels and BMI and offered practical insights for 
medical practitioners within clinical environments. The fea-
ture importance evaluation suggested that the most import-
ant markers for diabetes onset were glucose level, BMI and 
age thus giving the healthcare practitioners defined targets 
for intervention. The implementation of this predictive 
model into electronic health record (EHR) systems allowed 
healthcare practitioners to provide real-time risk assess-
ments for proactive management of patients’ predisposition 
to onset of diabetes. This met the study’s aim of ensuring 
that the model’s predictions are both accurate and action-
able in clinical settings enabling early intervention and 
personalized treatment. Healthcare practitioners could use 
these insights to guide their interventions towards high-
risk patients thus leading to improved early diagnosis and 
targeted treatment.

Evaluation Metrics
Different performance metrics provided by Scikit-

learn were used for the evaluation process. In particular, 
the accuracy_score, precision_score, recall_score and F1_
score metrics were used to quantify the classification per-
formance of the model. The researcher also generated the 
ROC curves and Area Under the Curve (AUC) scores using 
the roc_auc_score function of Scikit-learn to evaluate the 
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ability of the model to differentiate between diabetic and 
nondiabetic patients [57].

The confusion_matrix function of Scikit-learn was used 
to generate confusion matrices for visual representation of 
true positives, true negatives, false positives and false nega-
tives [58]. The analysis helped identify areas of model mis-
classification and guide future model modifications [59]. 
The entire analysis pipeline from data preprocessing to 
model evaluation was performed in Python, with substan-
tial use of Jupyter Notebook environment for code develop-
ment, visualization and documentation [56].

RESULTS AND DISCUSSION

Model Training and Performance
The analysis was performed using PIDD, which included 

768 records with important medical and demographic fea-
tures for diabetes prediction. To ensure a comprehensive 
evaluation, the dataset was split into training (70%), valida-
tion (15%), and testing (15%) subsets. The authors built the 
random forest model based on these training records, with 
primary features like BMI, glucose levels, and age being sig-
nificant in diabetes prediction.

Hyperparameter tuning was carried out by grid search 
and 5-fold cross validation to optimize model parameters 
such as number of trees (n_estimators), max tree depth 
(max_depth), and minimum samples to split (min_sam-
ples_split). This ensured the model generalized sufficiently 
to ignore data. This is important in clinical applications, 
where prediction accuracy can have serious healthcare 
implications.

Accuracy, Precision, Recall, and F1-Score
The accuracy score of 80% in Table 1 indicated the 

model’s overall ability to correctly classify cases of diabetes. 
The precision score of 77% implied that the model was gen-
erally correct in the prediction of diabetes, while the recall 
score of 68% indicated that the model missed some diag-
noses (false negatives). The F1 score of 72%, which takes 
into account both precision and recall, highlighted the need 
to improve the sensitivity of the model to true positives, 
which is important for reducing missed cases of diabetes 
that could result in serious health consequences.

Misclassification Analysis
As shown in confusion matrix in Figure 2, the model 

classified 92 nondiabetic cases as true negatives and 31 dia-
betic cases as true positives. However, the model misclas-
sified 18 diabetic subjects as nondiabetic (false negatives) 
and 13 nondiabetic subjects as diabetic (false positives).

False negatives were particularly problematic in clinical 
settings as it meant missed diabetes diagnoses which could 
lead to the untreated progression of the disease, whereas 
false positives could lead to unnecessary interventions. 
These misclassifications demonstrated the need for the 
models to be further refined through feature engineering or 
tuning to improve sensitivity (recall) without significantly 
reducing precision.

Effect of Handling Imbalanced Data
To handle the class imbalance (600 nondiabetic and 

168 diabetic instances), SMOTE was used to oversample 
the minority class (diabetic cases). The model had a lower 
recall before applying SMOTE, indicating that it had dif-
ficulties identifying positive diabetes cases. The recall 
increased to 68% after applying SMOTE, which shows the 
importance of handling data imbalance in reducing the bias 
towards the majority class as shown in Figure 3. Applying 
SMOTE to balance the dataset was important to prevent the 
model to be biased towards the majority class (nondiabetic 
cases) which is important to maximize the model’s reliabil-
ity. SMOTE improved the recall of the model especially in 
correctly identifying true-positive diabetes cases, which 
directly helped to achieve the goal of developing a robust 
and reliable predictive model. It was important that the 
model could identify the high-risk patients without a sub-
stantial increase in false positives to make it useful clinically. 

Table 1. Performance metrics of the random forest model 
for diabetes prediction

Metric Score
Accuracy 0.80
Precision 0.77
Recall 0.68
F1-score 0.72
AUC-ROC 0.84

Figure 2. Confusion matrix of PIDD based on the random 
forest model.
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However, the precision is slightly decreased which shows 
the trade-off between these two metrics when working with 
imbalanced datasets.

Analysis of the model before and after SMOTE showed 
that precision slightly lowered (80% to 77%) and recall 
increased significantly (60% to 68%) meaning the model 
was more likely to find diabetes cases without a significant 
increase in false positives. This improvement was import-
ant to properly find high-risk patients and receive timely 
intervention.

Feature Importance and Clinical Relevance
The feature importance analysis in Figure 4 the iden-

tified age, glucose levels and BMI as the features that had 
the biggest impact in predicting the onset of diabetes 
which is in line with known clinical risk factors. These 

insights were useful for health care professionals to direct 
targeted interventions such as physicians to target those 
with high glucose and BMI for preventive measures or 
early intervention.

The model also revealed other significant predictors 
such as number of pregnancies and diabetes pedigree func-
tion that impact the risk of diabetes. The results proved that 
the potential of machine learning to find complex relation-
ships among health parameters that might be ignored by 
traditional models.

Moreover, the interpretability of the random forest 
model could have been further improved using SHAP-
based approaches. SHAP values could have brought more 
insight into how a particular feature was influencing indi-
vidual predictions, bridging the gap between black-box 
machine learning and transparent clinical decision making. 
Such transparency would be key in establishing trust and 
encouraging uptake in healthcare settings.

Comparison with Existing Models
The random forest outperformed traditional models 

such as logistic regression. Similar studies have reported 
accuracy in the order of 70% for logistic regression, while 
the random forest achieved an accuracy of 80%, showing 
its ability to model nonlinear interactions between features, 
which proved essential for complex medical datasets such 
as PIDD, as shown in Figure. 5.

Other machine learning models (such as SVM and neu-
ral networks) were also considered by the researchers but 
not implemented due to the higher complexity in param-
eter tuning and interpretability issues. Nevertheless, future 
studies could have benefited from a more extensive com-
parison with these models to explore trade-offs between 
performance and interpretability.

Figure 4. Most important features for diabetes prediction like glucose levels and BMI.

Figure 3. Class distribution before and after applying 
SMOTE to balance diabetic and nondiabetic instances.
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Receiver Operating Characteristics Curve
The ROC curve in Figure. 6 shows the trade-off between 

the model’s sensitivity (true positive rate) and specific-
ity (true negative rate) at different points. The AUC-ROC 
score of 0.84 indicated excellent discrimination, further 
confirming the model’s readiness for real-world clinical 
applications where accurate discrimination between dia-
betic and nondiabetic patients is critical.

Such performance indicated that researchers could use 
the model with confidence to detect diabetes early, espe-
cially in high-risk populations such as the Pima Indians. 
However, further refinement, perhaps with ensemble or 
hybrid methods, could have elevated these metrics further, 
ensuring both sensitivity and precision were optimized.

The results of the random forest model for diabetes pre-
diction with PIDD has important implications in healthcare 
applications. The model exhibited an impressive ability to 

discriminate between diabetes and nondiabetes cases with 
80% accuracy and 77% precision. This level of performance 
highlights the potential of the model as a decision-support 
tool, helping healthcare providers in early identification of 
patients who are at risk, an essential component for timely 
interventions.

The model achieved a recall of 68% and still misclassi-
fied some cases, so it had to be balanced with the model’s 
overall strengths. The analysis of misclassification showed 
that the model correctly classified 92 nondiabetic cases, 
which confirmed its reliability. Future work could have 
considered the adjustment of the classification threshold 
based on clinical priorities to address the false negatives 
identified, thus improving the sensitivity without increas-
ing false positives too much.

Feature importance analysis revealed that age, glucose 
levels, and BMI were significant predictors of diabetes 
onset. These findings supported targeted clinical interven-
tions and allowed health care providers to focus screening 
on patients with these risk factors. Incorporation of the pre-
dictive model into electronic health record systems would 
enable healthcare professionals to conduct real-time risk 
assessments and deliver timely preventative care for high-
risk patients.

CONCLUSION

This study proposed a promising predictive model to 
predict the onset of diabetes using the random forest algo-
rithm dedicated to PIDD. The model achieved an accuracy 
of 80%, precision of 77% and recall of 68%, demonstrating 
its ability to distinguish diabetic and non-diabetic cases. 
Researchers found that levels of glucose, BMI and age were 
significant predictors, emphasising the importance of these 
factors in predicting risk for diabetes.

The results indicate that the model could be a powerful 
tool in clinical decision making to recognize and intervene 
early with at risk patients. Moreover, the research suggested 
that the sensitivity needs to be enhanced to avoid false neg-
atives which future researchers could address by adjusting 
the classification thresholds or improving the model.

The study was also performed on random forest algo-
rithm but it would be interesting to explore other machine 
learning techniques to predict diabetes. Future research 
may explore hybrid approaches that combine random for-
est strengths with other machine learning algorithms to 
improve interpretability and accuracy. For example, the 
combination of ensemble methods or deep learning mod-
els, with transparent predictions through interpretabil-
ity tools such as SHAP, could have produced more robust 
models for clinical application. Also, extending the study to 
larger and more diverse datasets would have increased the 
model’s ability to generalize to broader populations, thus 
increasing reliability and clinical relevance.

Finally, the use of machine learning model, random 
forest algorithm, for diabetes prediction demonstrated a 

Figure 5. Comparison of the random forest model’s accura-
cy with traditional models.

Figure 6. ROC curve for the random forest model.
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promising future for personalized healthcare. This study 
offered useful insights by highlighting the interpretability 
and clinical significance of the model that could result in 
improved diabetes control and better health outcomes for 
patients. The implementation of these results in clinical 
practice could have resulted in more proactive and efficient 
healthcare interventions for people at risk for diabetes.
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