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Abstract 

The rapid increase in diabetes cases worldwide emphasises the urgent need for comprehensive diagnostic 

tools that can help in early detection and prompt treatment. This study presents an iterative and 

comprehensible machine learning framework designed to make an accurate prediction of diabetes risk 

using the PIMA Indian Diabetes Dataset. One of the major challenges when working with medical datasets 

is the presence of noisy data and missing values. To address this, we made a careful data preprocessing 

pipeline that maintains the biological value of the data. For example, unrealistic zero values found in 

important medical attributes such as glucose level and diastolic blood pressure were treated as missing 

data and handled using the K-Nearest Neighbours (KNN) imputation method. This approach estimates 

missing values based on similar patient records instead of using simple averages, which helps preserve 

important patterns within the dataset. 

In addition to data cleaning, the process of feature scaling was applied to maintain consistency among 

variables, and hereby, new interaction features were created to better capture complex relationships 

between different health indicators. Class imbalance was a major problem for the medical cases, where 

diabetic cases are fewer than non-diabetic cases; synthetic oversampling techniques were used in that 

particular case to balance the dataset. This helps the model learn better patterns of the diabetic class and 

improves its ability to correctly identify patients with a higher risk of having diabetes. 

Rather than using only a single algorithm for determining diabetic patients, this research uses an ensemble 

learning approach that combines multiple models, such as kernel-based methods and boosting techniques. 

The predictions from these models are refined through a probability calibration step to make the outputs 

more reliable as well as accurate in a clinical context. An uncertainty estimation mechanism is included 

to identify predictions where the model is less confident, allowing such cases to be reviewed by  

medical professionals. 

To make the model more trustworthy, or we can say reliable, SHAP (Shapley Additive Explanations) is 

used to explain how each feature contributes to the final prediction. This makes it possible to understand 

how factors like glucose level, BMI, or age affects the diabetes risk score for each individual patient. The 

model was evaluated using k-fold cross-validation to ensure robustness and reliability. Special attention 

was given to improve the evaluation metric, recall, so that the chances of missing actual diabetic patients 

are minimized. 
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Therefore, the conceptual model acts as an interpretable and reliable decision-support system that not only 

predicts diabetes risk but also provides meaningful explanations behind each prediction. Such a system 

can support healthcare professionals in making informed and research-based clinical decisions. 

 

Keywords: Diabetes Prediction, Machine Learning, Ensemble Learning, Data Preprocessing, Class  

Imbalance, SMOTE, ADASYN, KNN Imputation, Explainable AI, SHAP, K-fold Cross-Validation, 
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1. Introduction 

Diabetes mellitus is a chronic disease that affects how our body metabolises blood sugar(glucose), which 

is the main source of energy for our cells. It happens when the body is unable to produce enough insulin 

or when it cannot properly use the insulin it produces. Insulin is an important hormone because it helps 

glucose to enter the cells, and if this process is disturbed, then glucose starts gathering in the blood. 

Uncontrolled diabetes can lead to serious health issues affecting vital organs like the heart, kidneys, eyes, 

and nerves. 

There are three types of diabetes. The first one is Type 1 diabetes, which is an immune dysfunction. In 

Type 1 diabetes, the body’s immune system attacks insulin-producing cells by mistake. Second is Type 2 

diabetes, which is the most common form. It usually develops due to insulin resistance, and it also depends 

on lifestyle factors like poor diet, obesity, and lack of physical activity. The third type of diabetes is 

Gestational diabetes, which happens during pregnancy and may increase the risk of developing Type 2 

diabetes later in life. As Type 2 diabetes develops slowly, many people are unaware of their condition 

until symptoms become serious. This makes early detection very important for preventing long-term 

problems. The rapid rise in cases of diabetes in the whole world made it a major public health concern. As 

the disease develops slowly and symptoms like fatigue, frequent urination, or increased thirst may appear 

late then the early diagnosis of diabetes becomes difficult. Many patients are diagnosed only after 

problems begin to develop. This delay shows the need for intelligent screening systems that can detect 

diabetes patterns early and help doctors take preventive action before the disease reaches an advanced 

stage. With the help of electronic health records (EHR), machine learning has become a good tool for 

predicting diseases like diabetes. Machine learning helps to analyses many patient factors like glucose 

levels, Body Mass Index (BMI), age, insulin levels, and family history to find hidden patterns and 

relationships that are difficult for traditional analysis. This makes machine learning highly useful in 

supporting early diagnosis and risk prediction. But working with clinical datasets also presents several 

practical problems. Medical datasets like the PIMA, Indian Diabetes Dataset mostly contain missing 

values, incorrect readings, or biologically impossible values like zero blood pressure or glucose levels. 

These types of inconsistency must be carefully handled to avoid misleading results. 

Another common issue is class imbalance, where the number of non-diabetic cases is much larger than 

diabetic cases. If this imbalance is not taken seriously, the model can become biased toward the majority 

class and fail to correctly identify high-risk patients. That is why proper data preprocessing and sampling 

techniques are important to build reliable prediction models. Another major problem in healthcare AI 

systems is the lack of clarity or interpretability. Many advanced machine learning models can achieve 

high accuracy but they usually fail to explain how they arrive at their decisions. In the medical field, this 

lack of clarity can reduce trust because doctors need clear reasons behind every prediction to support their 
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decisions. Models that do not provide reasons are mostly referred to as "black box" models and they may 

face difficulty in real clinical adoption despite good performance. 

To counter these problems, this research proposes a clear and reliable framework for diabetes risk 

prediction. The main goal is to improve data quality through careful preprocessing and handling class 

imbalance using synthetic data generation methods. Instead of depending on a single algorithm, the 

framework merges many machine learning models through a weighted ensemble strategy to improve 

robustness and prediction capability. To make the reliability stronger, probability calibration is applied so 

that the prediction scores better reflect real-world outcomes, and an uncertainty estimation mechanism is 

included to find situations where the model is less confident. An important contribution of this work is the 

addition of Explainable Artificial Intelligence (XAI) techniques. These methods tell how each feature 

contributes to the prediction outcome. For example, the model can show glucose level, BMI, age, or 

pedigree function which one of these had the strongest impact on a patient’s predicted risk. This improves 

clarity and makes the system more useful for healthcare professionals who require understandable and 

evidence-based information. The proposed framework is made by using many performance metrics, with 

special attention on recall to ensure that the diabetic cases are not missed during prediction. This is very 

important in healthcare because missing a positive case can be more harmful than a false alarm. Overall, 

this research tries to balance prediction accuracy with clarity, resulting in a transparent and practical 

decision-support system. Such a system can assist healthcare professionals in making informed decisions 

while also increasing trust in AI-based medical tools. 

 

2. Literature Review 

In recent years, researchers have been using machine learning models for early diabetes prediction to 

improve healthcare results. Different approaches have been proposed, and each offering has unique 

strengths in terms of accuracy, efficiency, and clarity, but also has several problems, like data imbalance, 

lack of validation, and limited generalisation, that still exist. This section provides information about the 

studies in a year-wise manner, analysing their models, strengths, weaknesses, and limitations, and explains 

how the proposed model counters these issues. 

Sarwar et al. (2020) performed an early study on diabetes prediction and highlighted several health 

problems related to uncontrolled diabetes, like kidney failure, blindness, and lower limb amputation. The 

study mainly focused on analysing diabetes-related risks using machine learning techniques, where model 

performance was highly dependent on the dataset used [1]. The advantage of this work is to find the real-

world impact of diabetes and the importance of early detection, as also supported by clinical proofs from 

the American Diabetes Association [2]. However, a major disadvantage is that the model lacks robustness, 

as its accuracy varies significantly across different datasets. The limitation of this approach is its poor 

generalisation capability. To counter these problems, our proposed model uses multiple algorithms, like 

Artificial Neural Networks (ANN), Decision Trees [3], Random Forest, and boosting techniques, along 

with cross-validation to ensure stable and generalised performance. 

Jackins et al. (2021) proposed a classification model based on Bayes’ theorem, which assumes 

independence among the predictor variables. This probabilistic approach simplifies calculation and 

provides a mathematically sound framework for classification [4]. The main advantage of this model is its 

simplicity and effectiveness in handling structured datasets. However, the assumption of feature 

independence is unrealistic in medical datasets where variables are mostly correlated. Also, the model 

suffers from high processing time when dealing with large datasets. The limitation lies in its computational 
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inefficiency and oversimplified assumptions. Our model overcomes these issues by using optimised 

machine learning algorithms and efficient validation strategies, as supported by optimisation techniques in 

healthcare prediction systems [5]. 

Jayakumar et al. (2021) focused on improving model accuracy and stated a noticeable rise in prediction 

exactness. The study utilised a standard dataset that was assumed to be pre-processed. While the advantage 

of this approach is its simplicity and improved accuracy, a significant disadvantage is the lack of focus on 

exactness and preprocessing. Ignoring preprocessing steps can lead to biased results. The limitation of this 

work is the absence of normalisation and handling of class imbalance. To counter these problems, our 

model incorporates normalisation and the Synthetic Minority Over-sampling Technique (SMOTE), which 

has been widely recognised for handling imbalanced healthcare data [6]. 

Olisah et al. (2022) proposed many classification models, including Random Forest (RF), Support Vector 

Machine (SVM), and a deep neural network, for diabetes prediction [8]. The advantage of this work lies in 

its use of multiple advanced models, improving classification performance, but the study does not 

adequately address data imbalance and lacks clarity. The limitation is that the dataset does not fully 

represent diverse populations, and predictions are not easily explainable. Our model counters these issues 

by applying SMOTE [6]and SHAP-based clarity methods [7], ensuring transparency and better  

clinical applicability. 

Li et al. (2024) introduced a stacking-based ensemble model that unites XGBoost and LightGBM, 

achieving an impressive AUC of 98.90%. Ensemble learning seriously improves predictive performance 

[11]. The advantage of this approach is its high accuracy, but a disadvantage is its reliance on limited data, 

affecting generalisation. The limitation lies in restricted scalability and a lack of robustness. Our model 

improves generalisation through diverse algorithms and enhanced data handling strategies, supported by 

recent advancements in data augmentation techniques [13]. 

Dey et al. (2025) find a critical gap in diabetes prediction research, noting that most studies fail to use 

proper validation techniques. The study also highlighted publication bias [15]. The advantage is its 

identification of methodological weaknesses, but it lacks implementation strategies. The limitation is the 

absence of robust validation. Our model counters this by applying repeated cross-validation for reliable and 

unbiased evaluation. 

Gebrehiwot et al. (2025) analysed diabetes prevalence using multilevel statistical models and found 

important socio-demographic risk factors. The advantage is its focus on real-world population data, but the 

reliance on secondary cross-sectional data limits feature inclusion. The limitation is the inability to establish 

causal relationships. Our model includes a broader feature set and advanced machine learning techniques 

to improve prediction accuracy.[12] 

Gebregiorgis et al. (2025) used multilevel logistic regression to identify age as a main determinant of 

diabetes. While effective in identifying risk factors, the model lacks clarity and misses behavioural 

variables. The limitation is its dependence on secondary data. Our approach includes multiple models and 

SHAP-based interpretability [7] to provide better insights.[16] 

Bahad et al. (2025) proposed an Explainable AI (XAI) model achieving high sensitivity and specificity 

[14]. The advantage is its clarity, but it lacks a detailed explanation of feature importance. The limitation is 

reduced clinical applicability. Our model enhances clarity using SHAP [7] and probabilistic modelling 

techniques [16] for clearer explanations. 
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3. Explainable AI Frameworks 

Explainable AI helps in making diabetes prediction models both accurate and transparent. This framework 

uses classical machine learning algorithms, ensemble methods, Bayesian techniques, along with data 

balancing methods like SMOTE and ADASYN. SHAP is used to explain model predictions, while cross-

validation and evaluation metrics ensure that the model is reliable and well-optimized. 

3.1 Classical Machine Learning Models 

In building a reliable diabetes prediction system, several classical machine learning algorithms are to be 

used because of their proven effectiveness in medical prediction tasks. These models help in identifying 

hidden patterns such as glucose level, age, insulin, BMI, blood pressure, etc., from the patient's health  

data record. 

• Logistic regression is most commonly used as a baseline model for medical classification problems. 

A sigmoid function is used for predicting the probability of diabetes occurrence and gives results that 

are easy to interpret. Due to its transparency, it is often preferred when model interpretability is 

important. 

• A decision tree is a rule- based structure that mimics human decision-making. In this, the model splits 

the dataset based on features and creates a tree-like structure. Predictions are made easy to understand, 

thus useful in health care applications where explanation is needed. 

• Random forest improves the performance of decision trees by combining and averaging the predictions 

of multiple trees. This reduces the problem of over-fitting and increases prediction stability. This also 

helps in identifying the most influential medical parameters. 

• XGBoost (extreme gradient boosting) is an advanced boosting technique that builds trees sequentially 

by correcting previous errors. It helps to maintain accuracy and efficiency in structured medical 

datasets. This prevents over-fitting as it has regularisation capability and maintains strong prediction 

performance. 

• K- nearest neighbors (KNN) is used to classify a patient based on similarity with other patients. It 

calculates the distance between data points and assigns the class based on majority voting among 

neighbours. It's simple but can be more effective when the dataset is properly normalized. 

• Support vector machine(SVM) is a powerful classification method that separates diabetic and non- 

diabetic cases by creating a hyperplane. It can use kernel functions to handle complex relationships 

and thus performs well for high-dimensional data. 

3.2 Ensemble Learning Approaches 

Ensemble learning integrates multiple models to improve the accuracy and robustness of the prediction. 

Rather than relying on a single model, ensemble techniques reduce model bias and variance. 

• Bagging methods like random forest train models independently and combine their outputs. 

• XGBoost improves performance by focusing on difficult cases successively. 

• Stacking techniques unite predictions from different models using a meta- learner. 

• These approaches are useful in diabetes prediction  because the healthcare data often contains noise 

and complex relationships. 

3.3 Probabilistic Bayesian Techniques 

Probabilistic approaches provide uncertain estimations along with predictions, which is important in 

healthcare decision systems. 
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• Bayesian neural networks (BNN) extend traditional neural networks by presenting probability 

distributions alternative of fixed weights. This makes the model quantify uncertainty in predictions. In 

diabetes prediction, this helps doctors to understand the confidence level of predictions rather than 

relying on deterministic outputs. 

• Bayesian methods improve robustness when working with finite or noisy data. 

3.4 Data Handling and Augmentation 

Medical datasets contain missing values, inconsistencies, and limited data samples. Proper data 

preprocessing is required to ensure model reliability. Data cleaning includes: 

1. Handling missing values 

2. Removing duplicates 

3. Feature normalisation 

4. Outlier detection 

• SMOTE (Synthetic minority oversampling technique) creates artificial samples of the minority class 

by inserting between the existing samples. This balances the dataset and avoids model bias towards the 

majority class. 

• ADAYSN (Adaptive Synthetic sampling) is an extension of smote that focuses on difficult-to-learn 

samples. It generates more synthetic data in areas where classification is difficult, improving learning 

efficiency. These techniques improve the fairness and prediction capability of ML models. 

3.5 Explainable AI Techniques 

Since healthcare decisions require transparency, Explainable AI (XAI) methods are necessary to  

interpret predictions. 

SHAP (SHapley Additive exPlanations) is one of the most reliable explainability techniques. It explains 

model predictions by assigning contribution values to each feature. SHAP is based on cooperative game 

theory and shows how each feature contributes positively or negatively toward diabetes prediction. 

 

4. Methodology 

4.1 Data collection 

The research makes use of the PIMA Indian Diabetes Dataset, which is a well-known collection of clinical 

records representing a high-risk population group [3]. This dataset informs us about the important health 

indicators such as glucose concentration, diastolic blood pressure, triceps skinfold thickness, 2-hour serum 

insulin, Body Mass Index (BMI), age, number of pregnancies, and the diabetes pedigree function [3]. These 

attributes provide an overall picture of both physiological and hereditary risk factors associated with 

diabetes. Another important reason for selecting this dataset is that it tells us about real-world challenges, 

including missing values and complex relationships between features, making it suitable for building and 

evaluating various prediction models [15]. 

4.2 Data Preprocessing 

To ensure the reliability and quality of the data is maintained, a detailed data preprocessing pipeline was 

implemented. Continuous analysis revealed the presence of biologically unrealistic zero values in features 

such as BMI, blood pressure, and insulin levels which cannot be null in any case [9]. Instead of removing 

these records—which could reduce dataset size and introduce bias—a K-Nearest Neighbours (KNN) 

imputation technique was applied. This method estimates missing values based on similar data points, 

thereby preserving the integrity of the dataset [11]. 
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After the missing values are handled, the Z-score standardisation method was introduced to scale the 

features accordingly [9]. This step ensures that features with larger numerical ranges do not dominate [8]. 

Additionally, feature engineering was carried out through these combined features, such as the effect of 

glucose levels and age, to capture hidden patterns and non-linear relationships within the data [13]. These 

preprocessing steps improves the model’s ability to learn meaningful and important clinical patterns [15]. 

4.3 Handling Class Imbalance 

Medical datasets often suffer from class imbalance, where the number of non-diabetic cases is higher than 

diabetic cases [4]. This imbalance can bias the model toward the majority class, reducing its ability to 

correctly identify diabetic patients. To address this issue, SMOTE and ADASYN techniques were used to 

generate synthetic samples for the minority class [6]. These techniques do create realistic data points, which 

are based on existing patterns. 

By balancing the dataset, the model can detect more positive cases, which is necessary in healthcare 

applications where missing a diagnosis, where the patient is positive, can have serious consequences [5]. 

This approach ensures that the model focuses not only on accuracy but also on identifying high-risk 

individuals effectively [16]. 

4.4 Baseline Model Development 

Baseline models were developed using traditional machine learning algorithms in order to provide a 

minimum performance standard to beat, which allows developers to measure if advanced models are worth 

the computational cost. Logistic Regression is best for linear relationships and probabilistic outputs and is 

less prone to overfitting [4]. Additionally, Decision Trees were implemented to handle non-linear data, 

interactions and require less preprocessing of raw data [3]. 

These baseline models provide a reference point for evaluating the effectiveness of more advanced machine 

learning techniques. They help in understanding the minimum performance level and recognise the 

improvements achieved through these advanced techniques [8]. 

4.5 Advanced Model Development 

To increase the predictive performance level, multiple advanced machine learning models were 

implemented. Random Forest was used due to its ability to reduce variance and improve generalisation 

through the ensemble learning technique [11]. XGBoost was included as a powerful algorithm known for 

its efficiency and accuracy in structured dataset [11]. 

Support Vector Machines (SVM) and K-Nearest Neighbours (KNN) were also implemented to bring 

diversity in machine learning approaches, as they are based on different mathematical methods such as 

hyperplane optimisation and distance-based classification [4]. The framework captures complex patterns 

that may not be detected by a single algorithm itself[15]. 

4.6 Ensemble Learning, Dynamic Ensemble Selection (DES), and Probabilistic Refinement 

The proposed system employs a Weighted Ensemble Learning technique, where predictions from multiple 

models are combined based on their performance levels [12]. However, instead of relying only on weights, 

the framework further integrates a Dynamic Ensemble Selection (DES) technique. 

DES works by selecting the most competent models for each individual test instance based on their local 

performance in similar data regions. This means that instead of treating all models equally, the system 

dynamically adapts and chooses the best-performing subset of models for each prediction. [12]. 

Before final prediction, probability calibration is applied to ensure that output probabilities reflect true 

likelihoods [16]. Furthermore, a probabilistic layer inspired by Bayesian principles is incorporated to 
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estimate uncertainty[16]. This allows the system to flag uncertain cases for further clinical evaluation, 

making it more reliable for real-world decision support rather than functioning as a black-box model [5]. 

4.7 Model Optimisation and Validation 

To enhance the model’s generalisation capacity, a 10-fold cross-validation strategy was implemented [8]. 

This ensures that the results are not dependent on a specific train-test split and provides more  

reliable results. 

Additionally, threshold tuning was performed to prioritise Recall over Accuracy [14]. In medical diagnosis, 

missing a diabetic case is much more harmful than an incorrect prediction of non-diabetic case[5]. 

Therefore, the model is optimised to maximise the detection of diabetic patients while maintaining a 

reasonable level of precision [5]. This approach aligns the model with real-world clinical priorities which 

is the main goal of this adaptive machine learning model. 

4.8 Interpretability and Explainability 

If we talk in terms of interpretability combined with explainability, SHAP (Shapley Additive Explanations) 

was integrated into the framework [7]. SHAP provides both global and local interpretability by explaining 

how each feature contributes to the model’s predictions. 

This is important in healthcare, where decisions must be explainable and reliable. By using  

SHAP, healthcare professionals can understand why a prediction was made, enabling them to validate the 

model’s reasoning against medical knowledge [10]. This significantly improves the clinical usability of the 

system [8]. 

4.9 Evaluation Metrics 

Evaluation metrics are the quantitative measures which are used to assess machine learning model 

performance and help in deployment decisions. Recall (Sensitivity) is given higher importance to ensure 

that diabetic cases are not missed [5]. 

Precision and F1-Score are also taken into account to maintain a balance between false positives and false 

negatives. Additionally, the ROC-AUC score is used to evaluate the model’s ability to distinguish between 

classes across different thresholds [8]. It ensures that the model is both effective and reliable for real-world 

healthcare applications [16]. 
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5. Results and Discussion 

5.1 Model Performance Evaluation 

The diabetes prediction framework was evaluated using the PIMA Indian Diabetes Dataset, which follows 

a carefully structured preprocessing and modelling pipeline. The dataset, which contains clinical attributes 

related to female patients, was first refined to remove inconsistencies before being used for training and 

testing. The dataset was then partitioned into training and testing subsets in a manner that followed the 

distribution of diabetic and non-diabetic cases, ensuring that the evaluation remained unbiased. 

Various machine learning models were implemented to ensure a comprehensive comparison of predictive 

capabilities. These included Logistic Regression, Decision Tree, Random Forest, Support Vector Machine 

(SVM), and XGBoost, along with more advanced techniques such as Dynamic Ensemble Selection, Meta-

Learning, and threshold-based optimisation. 

Each model was trained under comparable conditions, and performance was evaluated using multiple 

metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. These metrics were deliberately 

chosen to capture different aspects of model performance, particularly in the context of medical diagnosis, 

where the cost of misclassification is not uniform. 

Among these evaluation metrics, recall is the most critical measure in this study. This is because recall 

directly reflects the model’s ability to correctly identify individuals who are actually diabetic. Failing to 

detect a diabetic case can have serious consequences, making high recall more valuable than simply 

maximising overall accuracy. 

The experimental results showed that Random Forest consistently delivered the most balanced and reliable 

performance across all evaluation metrics. It revealed strong recall while maintaining precision, resulting 

in high F1-score. This indicates that the model was effective not only in identifying diabetic cases but also 

in minimising incorrect predictions. The strength of Random Forest lies in its ensemble structure, where 

multiple decision trees are trained on different subsets of the data and their outputs are aggregated. This 

process reduces variance, allowing the model to capture complex relationships within the dataset. 

Support Vector Machine also showed competitive performance, particularly in terms of recall and its ability 

to handle non-linear decision boundaries. However, its performance was dependent on appropriate kernel 

selection and parameter tuning, which increased its computational complexity. 

Logistic Regression, while slightly less accurate, provided consistent and interpretable results, making it 

valuable for understanding the influence of individual features. Decision Tree models, although easy to 

interpret, exhibited signs of overfitting, especially when trained without sufficient pruning. XGBoost 

showed efficient learning and strong predictive capability but required careful tuning to maintain a balance 

between bias and variance. 

The inclusion of advanced approaches such as Dynamic Ensemble Selection and Meta-Learning further 

enhanced the framework. Dynamic Ensemble Selection improved adaptability by selecting the most 

suitable model for each individual instance, while Meta-Learning introduced an additional layer that helped 

assess the confidence of predictions. Therefore, the application of threshold optimisation played a crucial 

role in improving recall, ensuring that the model prioritised the detection of diabetic cases even at the cost 

of a slight increase in false positives. 

5.2 Impact of Data Preprocessing 

One of the significant observations in this study is the impact of data preprocessing on model performance. 

The original dataset contained several zero values in significant attributes such as glucose level, blood 

pressure, BMI, insulin, and skin thickness. These zero values are not physiologically meaningful and indi- 
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cate missing or improperly recorded data. 

To address this issue, these values were treated as missing and replaced using median imputation. The 

choice of median over mean was necessary, as it is less sensitive to outliers and preserves the natural 

distribution of the data. This step ensured that the dataset retained its integrity without introducing bias. 

After imputation, feature normalisation was applied to scale all attributes to a comparable range. This step 

was particularly important for models such as SVM and Logistic Regression, which are sensitive to the 

magnitude of input features. Without normalisation, features with larger numerical ranges could dominate 

the learning process, leading to the model having bias. 

Models trained on the cleaned and normalised dataset exhibited stability during training, faster 

convergence, and more consistent performance on the test set. There was also a noticeable improvement in 

recall and F1-score across all models, indicating that the models were better able to identify meaningful 

patterns in noise and inconsistencies were removed. 

5.3 Feature Importance Analysis 

To understand how the model makes predictions, feature importance analysis was introduced using the 

Random Forest model. This analysis provided insights into the contribution of each feature to determine 

the likelihood of diabetes. 

The results showed that glucose level was the most influential feature, which is consistent with medical 

knowledge. Body Mass Index (BMI) was identified as a strong predictor, reflecting the well-established 

relationship between obesity and diabetes risk. Age also played a significant role, indicating that the 

probability of diabetes increases with increasing age. 

Insulin levels contributed to the model’s predictions as well, although their impact was somewhat less 

consistent due to variability in measurements. 

The alignment of these findings with established clinical understanding reinforces the reliability of the 

model. More importantly, it demonstrates that the system is not functioning as a black box but is instead 

learning patterns that are medically meaningful. This level of interpretability is essential for real-world 

adoption, as healthcare professionals require transparency in decision-making systems. 

5.4 Model comparison and interpretation 

A detailed comparison of the models reveals that each approach offers a balance between interpretability 

and predictive performance. Logistic Regression is used for its simplicity and transparency, making it 

suitable to be used as a baseline model and clinical interpretation. However, its linear nature decreases its 

ability to model complex relationships within the data. 

Decision Trees provide intuitive decision rules that are easy to visualise, but their tendency to overfit 

reduces their reliability when applied to new data. Support Vector Machines offer strong performance in 

handling non-linear data but require careful parameter tuning and are computationally demanding.  

Random Forest achieves the best overall performance by combining multiple decision trees, reducing 

overfitting and improving generalisation. XGBoost further increments predictive capability through 

gradient boosting, although it requires careful control to prevent overfitting. 

The addition of Dynamic Ensemble Selection and Meta-Learning introduces adaptability and uncertainty 

handling, respectively. These components enhance the robustness of the system by allowing it to adjust 

predictions based on individual cases and quantify prediction confidence. Overall, the comparison indicates 

that while individual models have their strengths, a hybrid and ensemble-based approach provides the most 

reliable and scalable solution for diabetes prediction. 
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5.5 Discussion of Results 

The results obtained from this study clearly tell us about the effectiveness of machine learning techniques 

in supporting early diabetes detection. One of the most important insights is that optimising for recall 

significantly enhances the clinical relevance of the model. By ensuring that the majority of diabetic cases 

are correctly identified, the system ensures that no diabetic patients are missed which is crucial. 

The model has multiple features which is much better than relying on a single indicator. This multi-

dimensional analysis does resemble real-world diagnostic experiments, where doctors consider various 

factors before making a proper and accurate decision. 

The combination of preprocessing, ensemble learning, and optimisation techniques results in a system that 

is both accurate and reliable. However, certain limitations still exist. The dataset is relatively small and 

specific to a particular population, which may affect generalizability. 

Also, the absence of external validation and lifestyle-related features limits the scope of the model. 

Despite these limitations, the framework provides a strong foundation for future improvements and 

demonstrates clear potential for real-world implementation. 

5.6 Practical implications 

The practical significance of this research lies in its potential application in healthcare systems. The 

proposed model can be integrated into screening tools, allowing healthcare providers to identify high-risk 

individuals before the onset of severe complications. It also acts as a decision support system, assisting 

clinicians in making judgments based on data-driven insights. 

Furthermore, this particular system can be incorporated into digital health platforms to provide real-time 

risk assessments, enabling individuals to take preventive measures. By facilitating early diagnosis, the 

model has the potential to reduce the burden of diabetes-related complications and improve overall  

patient outcomes. 

 

6. Advanced Model Analysis and System Evaluation 

6.1 Comparative performance of Machine Learning models 

The comparative evaluation of multiple machine learning models, as presented in Table 1, reveals well-

defined variations in predictive behaviour, especially in terms of recall, stability and overall classification 

effectiveness. This analysis was conducted using the pre-processed Pima Indian diabetes data set, ensuring 

that the results are meaningful and show patterns instead of noise or inconsistencies. 

Out of the evaluated models, the support vector machine (SVM) constantly displayed strong recall 

performance along with stable ROC characteristics. This indicates its capability to effectively separate 

diabetic and non-diabetic classes, particularly in cases where decision boundaries are non-linear. This type 

of behaviour makes SVM highly suitable for medical diagnosis tasks, where minimising false negatives is 

of high priority. 

Logistic regression was slightly lower in recall compared to SVM but maintained competitive performance 

across evaluation measures. Its key advantage lies in its interpretability, allowing professionals to 

understand the relationship between input features and predicted outcomes. This transparency is highly 

useful in clinical decision making where model explainability is required. 

Ensemble-based approaches, including random forest and Boost, showed robust and well-balanced 

performance. Random forest exhibited high robustness due to its aggregation of multiple decision trees, 

which reduces variance and improves generalisation. 
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XG boost further contributed through efficient gradient boosting, capturing complex feature interactions 

despite the fact that it requires careful tuning to prevent over-fitting. Advanced methods such as Dynamic 

Ensemble Selection (DES) and Meta-Learning added another level of flexibility and intelligence to the 

system. Although their recall values were moderate, they greatly improved the reliability of decisions by 

selecting the most suitable models dynamically and estimating prediction confidence. 

An important finding of this study is the threshold-optimised model, which produced the highest recall by 

modifying classification limits. This method helped identify the maximum number of diabetic cases 

correctly, supporting the main goal of early diagnosis and preventive healthcare. 

 

Table 1: Comparative Analysis of Machine Learning Models 

 
 

8.2  Performance Behaviour and Model Characteristics 

Table 2 gives a detailed study of model behaviour under different evaluation measures. One major 

observation is that recall optimisation played an important role in improving diagnostic performance. By 

adjusting classification thresholds, the system successfully gave more importance to sensitivity than 

specificity, which is necessary in healthcare situations. 

Model stability was noticeably better in ensemble methods, especially Random Forest, because of  

their natural ability to manage data variability. On the other hand, simpler models like Logistic Regression 

provided better interpretability, making them suitable for explaining predictions to healthcare professionals. 

This layer connects machine learning results with clinical understanding, making the system more suitable 

and trustworthy in healthcare settings. The uncertainty layer, developed using meta-learning, measures the 

confidence level of predictions. 

Another finding is the generalization ability of SVM and tree based models, which maintain consistent 

performance on hidden data. This shows that the models were not over-fitted and could be reliably applied 

to real-world datasets. The incorporation of a meta-learning layer enhanced the system's ability to access 

prediction confidence. This edition is mostly useful in borderline cases where uncertainty needs to be 

clearly determined rather than ignored. 
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Table 2: Performance Behavior Analysis 

 
 

8.3 Clinical Interpretation of Key Features 

The analysis of clinical features, as shown in Table 3, reveals that glucose level is the most significant 

predictor of diabetes. This agrees with established medical knowledge, strengthening the validity of the 

model’s learning process. Body Mass Index (BMI) also showed a strong effect, indicating the connection 

between obesity and diabetes risk. Age was identified as a moderate contributing factor, reflecting the 

higher likelihood of diabetes with increasing age. Other features, such as insulin levels and lifestyle-related 

factors, contributed indirectly to predictions. While their individual impact may be lower, their combined 

effect plays an important role in capturing the overall health condition of a patient. This feature-level 

interpretation not only improves model transparency but also provides useful insights for preventive 

healthcare measures. 

 

Table 3: Clinical Feature Interpretation 
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8.4  Impact on Healthcare and Clinical Decision-Making 

The findings summarised in Table 4 highlight the practical applications of the proposed system in real-

world healthcare settings. One of the most important contributions is its ability to support early detection 

of diabetes, which can greatly lower the risk of long-term complications. The system also supports 

personalised treatment planning by examining individual risk factors. This allows healthcare providers to 

suggest targeted interventions instead of generalised solutions. Additionally, the model acts as a decision 

support tool for clinicians, providing data-driven insights that complement medical expertise. This 

integration of artificial intelligence with clinical practice improves both efficiency and accuracy. Preventive 

healthcare is another key area of impact, as the system encourages proactive lifestyle changes based on 

identified risk patterns. 

 

Table 4: Impact Analysis on Healthcare 

 
 

8.5 Overall Contribution and Practical Significance 

Table 5 explains the overall contribution of the proposed framework. The use of multiple models improved 

prediction accuracy and strength, giving reliable results in different situations. The focus on explainability 

solves one of the main problems of using machine learning in healthcare, which is the lack of transparency. 

By using understandable models, the system creates trust among medical professionals. The ability to 

manage uncertainty further improves the framework, making it suitable for complex and sensitive tasks 

such as disease prediction. Lastly, the system’s scalability and adaptability make it useful for real-world 

use, especially in healthcare environments with limited resources. 

 

Table 5: Overall Contribution and Practical Significance 
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