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Abstract

Early prediction of diabetes remains a major healthcare challenge, as timely diagnosis can
significantly reduce the risk of severe complications. Most existing studies emphasize
complex predictive models or extensive preprocessing pipelines, while comparatively
limited attention has been given to improving feature representations. In this study, we
propose a statistical framework for enriching the feature space of diabetes data using
Gaussian Mixture Models (GMMs) and Kernel Density Estimation (KDE) to capture latent
distributional characteristics and local density patterns. The resulting enriched features
enhance class discrimination while preserving model simplicity, allowing standard classi-
fiers to operate more effectively. The proposed framework is evaluated on two diabetes
datasets with different sample sizes and class distributions. Models trained on the enriched
feature set are compared with baseline models trained solely on the original features, using
multiple strategies, including direct feature concatenation and ensemble-based approaches.
Experimental results show that the enriched feature space consistently outperforms the
original feature set, leading to notable improvements in overall predictive performance.
In particular, the framework achieves a substantial increase in sensitivity for the minority
class (diabetic cases), which is especially important for clinical applications where positive
samples are typically scarce relative to healthy cases.

Keywords: diabetes prediction; feature space enrichment; Gaussian mixture models; kernel
density estimation

1. Introduction

Diabetes mellitus is a chronic metabolic disorder characterized by elevated blood
glucose levels resulting from impaired insulin secretion, insulin resistance, or a combination
of both [1]. According to the International Diabetes Federation (IDF) Diabetes Atlas 2025,
approximately 537 million adults aged 20-79 are currently living with diabetes [2]. This
number is projected to increase to 783 million worldwide by 2045 [1].

Type 2 diabetes (T2D) is the most prevalent form of diabetes, accounting for approx-
imately 95% of all cases worldwide [3]. It develops when body cells become resistant to
insulin and, over time, the pancreas is unable to produce sufficient insulin to compensate for
this resistance, leading to chronic hyperglycemia [4]. The progressive nature of T2D often
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results in substantial metabolic dysfunction and long-term damage to multiple organ systems,
including the cardiovascular, renal, and nervous systems [3,5]. Beyond its high prevalence,
T2D represents a major public health challenge due to its severe complications and associated
mortality. In 2024 alone, diabetes was estimated to have contributed to 3.4 million deaths
globally, corresponding to approximately one death every nine seconds [2].

Early detection and intervention are crucial for preventing disease progression and
reducing the risk of complications in individuals with diabetes [3]. However, traditional
diagnostic methods based on clinical biomarkers, such as fasting glucose, HbAlc, and
oral glucose tolerance tests [6], may fail to identify early-stage metabolic dysfunction.
In recent years, machine learning (ML) has emerged as a powerful tool for predictive
modeling in healthcare, offering the ability to analyze complex, multidimensional datasets
to identify individuals at high risk [7,8]. By integrating clinical, genetic, and lifestyle
factors, ML algorithms can enhance the early prediction of diabetes, thereby enabling
timely interventions and supporting personalized treatment strategies [7,8].

ML approaches have been widely applied to diabetes prediction and are often evalu-
ated using publicly available benchmark datasets. One of the main challenges, common
to many medical datasets, is the high degree of class imbalance [9], which can bias pre-
dictive models toward the majority class and thereby limit their clinical usefulness. To
mitigate this issue and improve predictive performance, various methodologies have
been proposed, including data-level strategies such as oversampling and undersampling,
algorithm-level modifications through cost-sensitive learning, and hybrid approaches that
combine preprocessing, feature engineering, and advanced classification techniques across
diverse datasets.

Sharma et al. [10] examined the performance of several classification algorithms on
the PIMA Indian Diabetes dataset. Their findings indicated that the Logistic Regression
(LR) model achieved superior performance compared with the other evaluated classifiers
for this dataset. Similarly, Agraz et al. [11] proposed a hybrid approach that combined
the Dendritic Neuron Model (DNM), LR, and an Artificial Neural Network (ANN) on the
same dataset. Their hybrid model outperformed the standalone classifiers in terms of AUC,
accuracy, and sensitivity. Ahmed et al. [12] also focused exclusively on the PIMA dataset,
applying feature selection followed by multiple machine learning algorithms to improve
predictive performance. Their results demonstrated that the Random Forest classifier
outperformed the other models.

Reza et al. [13] investigated two stacking-based ensemble models for diabetes classifi-
cation using the PIMA dataset and a local healthcare dataset. The first model employed
a classical stacking approach, integrating the base learners Random Forest (RF), Decision
Trees (DT), and Support Vector Machines (SVM), with LR as the meta-classifier. The second
model replaced the base learners with three customized sequential neural networks, again
using LR as the meta-classifier. Both models were evaluated using train—test splits and cross-
validation. The results demonstrated that both classical stacking and neural network-based
stacking approaches outperformed individual classifiers, highlighting the effectiveness of
ensemble learning. Similarly, Sivashankari and Vengatesan [14] proposed a stacked ensem-
ble for PIMA-based diabetes prediction, using multiple level-0 base classifiers, namely RF,
K-Nearest Neighbors (KNN), DT, Gradient Boosting, SVM, and Gaussian Naive Bayes, to
generate probability outputs, which were then used as input to an LR meta-classifier. Their
ensemble achieved superior performance compared with individual classifiers, including
RF, KNN, LR, Gradient Boosting, AdaBoost, and SVM. Tripathi et al. [15] applied a soft
voting ensemble on the PIMA dataset, comparing LR, KNN, SVM, DT, AdaBoost, and
Gradient Boosting, and achieved up to 82.8% accuracy, surpassing the performance of the
individual models.
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Although much research has focused on the PIMA dataset, several studies have ex-
tended their methodologies to other datasets or applied them across multiple datasets.
Shi et al. [16] proposed an integrated Bagging—RF model to enhance diabetes prediction
using two Kaggle datasets. Their preprocessing pipeline included outlier removal, one-hot
encoding, age-based stratification into three groups (50-60, 60-70, and 70-80 years), and
SMOTE oversampling. The Bagging—RF model was compared with RF, Gaussian Naive
Bayes (GNB), LR, KNN, DT, Extra Trees (ET), AdaBoost, and XGBoost (XGB) and eval-
uated using accuracy, precision, sensitivity, specificity, AUC, and F1-score. Bagging—RF
consistently achieved the highest performance, with accuracy ranging from 93.7% to 97.4%
and superior Fl-scores. Talukder et al. [17] aimed to improve the reliability of diabetes
prediction by integrating data engineering with machine learning. Using PIMA, the Iraqi
Medical City dataset (Mendeley), and the Kaggle “Diabetes Prediction Dataset,” they ap-
plied preprocessing steps including missing value handling, outlier removal, normalization,
label encoding, and random oversampling, followed by training LR, RF, SVM, and XGBoost.
Their results showed that robust preprocessing significantly enhanced accuracy, sensitiv-
ity, and AUC across all datasets. Uddin et al. [18] designed a framework to reduce false
negatives in diabetes detection, training LR, KNN, Naive Bayes, RF, SVM, DT, and Linear
Regression on a 2019 diabetes dataset and PIMA. Preprocessing involved missing value
handling, normalization, categorical encoding, and SMOTE oversampling. Their analysis
revealed that Random Forest achieved the highest performance, with up to 97% accuracy
on the 2019 dataset and 80% accuracy on the PIMA dataset. Importantly, balancing the
dataset significantly reduced false negatives, highlighting the importance of data balancing
techniques in enhancing model sensitivity and improving practical reliability in clinical
prediction tasks [18].

Despite the advances demonstrated in these studies, a common limitation remains
the inherently restricted feature space typically available for diabetes prediction tasks.
Most previous works have relied on multi-stage preprocessing pipelines or increasingly
complex model architectures to improve prediction performance [19]. While these strategies
can achieve incremental improvements in predictive accuracy, they often come at the
cost of increased computational complexity and reduced model interpretability. More
importantly, such methods do not fundamentally address the core challenge posed by
the limited diversity and richness of input features, underscoring the need for novel
approaches that expand the feature space to achieve substantial and meaningful gains in
predictive performance.

This study differs from the previous works by shifting focus from model complexity
to feature representation itself. Instead of relying on deeper architectures, heavy pre-
processing, or ensemble pipelines, we investigate whether classical models can achieve
comparable or superior performance when supplied with richer, probabilistically enhanced
features. Our key idea is that diabetes datasets are typically low-dimensional and contain
limited discriminative information in their raw form; therefore, improving what the clas-
sifier sees is more impactful than increasing model complexity. We introduce a feature
enrichment framework using GMM capture latent sub-population structures and KDE to
encode local density information, generating new probability-based features that reflect
the underlying data distribution. These enriched representations are appended to the
original variables, enabling traditional classifiers, such as logistic regression, to learn from
distribution-aware input rather than raw measurements alone.

Several prior studies have employed GMM and KDE in biomedical and signal process-
ing applications to extract informative features; however, their use in diabetes prediction
remains relatively limited. Suwalska and Polariska [20] proposed a GMM-based feature
expansion framework for single-cell mass cytometry, in which marker intensity distribu-
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tions were modeled as mixtures of Gaussian components. By projecting the data into an
expanded feature space using GMM membership probabilities, their approach improved
clustering accuracy and the identification of rare cell subtypes compared to standard
methods. Ghaderi et al. [21] introduced three novel surface electromyography (sEMG)
features derived from KDE, namely the trimmed mean of the density, density entropy,
and derivative-based density measures, for myoelectric signal analysis. When combined
with ensemble learning, these KDE-based features achieved exceptionally high classifica-
tion accuracy (approximately 99%) for hand and wrist motion recognition across multiple
benchmark datasets, demonstrating their effectiveness for biomedical feature extraction. In
a related context, Chushig-Muzo et al. [22] proposed a methodology to improve the inter-
pretability of autoencoder-derived latent representations from electronic health records. By
integrating GMM with hierarchical clustering and Kullback-Leibler divergence, their ap-
proach successfully identified clinically meaningful patient subgroups, particularly among
hypertensive and insulin-dependent diabetic cases, thereby enhancing transparency in
deep learning-based decision support systems. Collectively, these studies demonstrate that
GMM and KDE can enhance data representations by capturing latent distributional struc-
tures and local density variations. However, to the best of our knowledge, no existing study
has jointly utilized GMM-based soft cluster probabilities and KDE-derived log-density
features for feature augmentation in early diabetes detection datasets.

The proposed framework is evaluated on two widely used public datasets: the PIMA
Indian Diabetes dataset and the Kaggle Diabetes Prediction Dataset. The evaluation aims to
assess both predictive performance and cross-dataset robustness. LR, a widely adopted and
interpretable baseline in clinical decision support systems, is employed to isolate the impact
of feature enrichment without the confounding effects of complex model architectures. The
evaluation considers four modeling strategies: (1) models trained using original features
only, (2) models trained using original features enriched with GMM and KDE derived
features, (3) block-wise stacking with LR as the meta-classifier, and (4) ensemble averaging
across feature blocks.

The experimental results demonstrate that the proposed feature representation consis-
tently improves overall predictive performance and significantly enhances sensitivity to
the minority class without significantly compromising other evaluation metrics, thereby
representing a meaningful advancement for medical prediction tasks.

2. Materials and Methods

This section provides a detailed description of the diabetes datasets used in this
research, the proposed methodology for feature representation and model development,
and the evaluation metrics employed to assess predictive performance.

2.1. Datasets

To evaluate the impact of feature space enrichment on diabetes prediction, we utilized
two widely recognized binary classification datasets with distinct distributions and feature
compositions. This selection enables the assessment of the proposed methodology on both
small-scale clinical benchmarks and large-scale electronic health record (EHR)-based data,
thereby ensuring robustness and generalizability. Detailed descriptions of each dataset are
provided below.

2.1.1. Pima Indians Diabetes Dataset (PIMA)

The PIMA dataset, originally collected by the National Institute of Diabetes and
Digestive and Kidney Diseases (NIDDK), is publicly available through the UCI Machine
Learning Repository [23]. It contains 768 samples, each representing a female patient of
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Pima Indian heritage, aged at least 21 years. Each sample has seven numerical features
derived from medical examinations, along with a binary outcome which indicates the
presence or absence of diabetes. The features are as follows [23]:

¢ Pregnancies: Number of times pregnant;

*  Glucose: Plasma glucose concentration (mg/dL);

*  BloodPressure: Diastolic blood pressure (mmHg);

*  SkinThickness: Triceps skin fold thickness (mm);

¢ Insulin: 2-hour serum insulin (WU /mL);

*  BMI: Body mass index (kg/ m?);

¢ DiabetesPedigreeFunction: Likelihood of diabetes based on family history;
e Age: Agein years.

This dataset is an imbalanced dataset that contains 500 non-diabetic and 268 diabetic
samples. Some features have zero values that are physiologically implausible, such as
Glucose, BloodPressure, SkinThickness, Insulin, and BMI features. These values were
treated as missing and imputed using the median of each respective feature, a method
known for its robustness to outliers and effectiveness in clinical datasets [24-26].

To ensure uniform scaling and improve convergence during model training, all fea-
tures were standardized to have zero mean and unit variance.

2.1.2. Electronic Health Records Dataset (EHRSs)

The EHRs dataset was collected from surveys, medical records, and laboratory tests
conducted by healthcare providers in hospitals and clinics. This dataset is publicly available
on Kaggle and is widely utilized in the field of diabetes prediction [27-30]. The dataset
comprises 100,000 samples, each containing eight features, namely six numerical and two
categorical, along with a target variable indicating the presence or absence of diabetes. The
features are as follows [31]:

e gender: Categorical variable indicating the patient’s gender (e.g., male, female, or other).

* age: Numerical variable representing the patient’s age in years.

*  hypertension: Binary variable indicating the presence or absence of hypertension.

*  heart_disease: Binary variable indicating the presence or absence of heart disease.

e smoking history: Categorical variable detailing the patient’s smoking history (e.g.,
never, former, current, or no info).

e bmi: Numerical variable representing the Body Mass Index (kg/m?).

e HbAlc_level: Numerical variable indicating the level of hemoglobin Alc, a measure
of blood sugar levels over time (percent).

*  blood_glucose_level: Numerical variable representing the current blood glucose
level (mg/dL).
The dataset is highly imbalanced, with 8500 diabetic and 91,500 non-diabetic samples.

To facilitate the application of various classification algorithms, the categorical features

(gender and smoking_history) were converted into binary features.

2.2. Proposed Methodology

This study introduces a feature space enrichment framework designed to improve
the predictive performance of diabetes classification models. The framework enhances the
original feature set by generating additional, informative variables using two statistical
modeling techniques: GMM and KDE. These enriched features are concatenated with
the original ones to form a more comprehensive and discriminative feature vector for
model training.
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Beyond evaluating the enriched feature vector directly, two ensemble learning ap-
proaches are applied to further assess its potential: a block-wise stacking ensemble and a
block-wise soft voting ensemble, both detailed in this section.

2.2.1. Feature Enrichment

The first step of the proposed framework involves generating new features using
GMM and KDE to capture latent patterns and distributional characteristics in the diabetes
data. These additional variables are integrated with the original features to construct a
more representative feature space, aiming to improve classification performance.

Feature Space Enrichment Using Gaussian Mixture Models (GMMs)

GMM is a probabilistic model that represents data as a mixture of multiple Gaussian
distributions [32]. It is effective for capturing complex feature distributions, especially
when the data follow more than one normal distribution [32]. Unlike traditional clustering
techniques, such as k-mean, which assume well-separated spherical clusters, GMM can
model elliptical clusters, making it highly effective in identifying underlying patterns within
the data. This capability allows GMM to handle complex distributions more effectively,
ensuring that subtle variations and multimodal characteristics in the dataset are well
captured [32].

Each Gaussian distribution represents a cluster and has its own mean and covariance.
The model also includes mixing coefficients (weights) that determine the importance of
each Gaussian component in the mixture. The goal of GMM is to estimate parameters,
including mean values, covariances, and mixing coefficients, to best describe the data [33].

The probability density function of the GMM is given by

K
p(x|0) =Y mN (x| pm, L)
=1

Here, 7ty represents the mixing coefficient for the Gaussian component k-th, where
YK e =1, N(x | py, Zy) is the multivariate Gaussian distribution with mean p; and
covariance matrix Xy, and © represents the set of model parameters.

To estimate the parameters of GMM, the Expectation-Maximization (EM) algorithm
is used, which iteratively improves the model fit. The EM algorithm consists of two key
steps: In the expectation step, the algorithm calculates the probability that each data point
belongs to each cluster v;; [33], as shown in the following equation:

o mN (x| e )
Yik = K
Y TN (x| pj, Z)

where these probabilities are based on the current estimates of the Gaussian parameters.

For the maximization step, the probabilities from the expectation step is used to
update the parameters of the Gaussian distributions (means and covariances) and the
mixing coefficients to better fit the data. These two steps are repeated until the model
converges, meaning that the parameters no longer change significantly [33]. This iterative
process effectively handles the complexities of overlapping clusters with varying shapes in
the data, which are common in real-world datasets.

The main challenge in applying GMM is determining the optimal number of clusters
(Gaussian components) that best represent the underlying data structure. Selecting an
inappropriate number of clusters can lead to overfitting or underfitting, resulting in poor
performance for any model. To address this challenge, several methods have been proposed
in the literature [33]. In this study, the Bayesian Information Criterion (BIC) is used to
determine the optimal number of clusters for the diabetic datasets [34]. BIC is a statistical
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criterion that compares models by balancing goodness of fit with model complexity, thereby
helping to prevent overfitting and ensuring more reliable clustering results [34]. We
evaluated GMM models for K = 1 to K = 10, and the model with the lowest BIC value was
selected. To further enhance robustness, each candidate GMM was fitted using multiple
random initializations, and the average BIC value was used to confirm the stability of the
selected K. This procedure ensures that the probabilistic features derived from the GMM
are consistent, reproducible, and do not depend on arbitrary initialization.

In this study, we applied a GMM to each non-categorical feature individually, rather
than to the entire feature space, to enrich the representation of the data. This decision
is based on the correlation analysis of the features, which shows that there are no pairs
of features with a correlation higher than 0.62, as illustrated in Figure 1. As a result,
modeling the full feature set using a multivariate GMM with the complete feature set is
unlikely to extract meaningful structure because strong interactions between features are
not present. In contrast, applying the GMM to each feature separately captures the local
distributional characteristics within each feature, which can be beneficial for enriching the
original feature space.

For each feature, we add cluster probabilities (soft assignments) as new features.

To apply per-feature GMM, the distributions of all non-categorical features were exam-
ined to understand the underlying characteristics of each feature, such as skewness, modality,
and overall distribution shape. The blue histograms in Figure 2 show the distribution of the
features in the PIMA dataset, where we can notice that some of the features, such as Glucose,
Blood Pressure, and BMI, have approximately normal distributions, while other features
exhibit skewness and non-Gaussian characteristics. Figure 3 (blue histograms) illustrates that
most features in the EHRs dataset display skewed and multimodal distributions.
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Figure 1. Correlation plots for the two diabetes datasets. Each plot shows the pairwise correlations
between the features in the dataset, where the color gradient represents the degree of correlation.

Although GMM is a probabilistic model that assumes data is generated from a mixture
of multiple Gaussian distributions, it can still be applied to non-Gaussian data because it
models clusters using multiple Gaussian components. However, when a dataset exhibits
complex shapes (e.g., skewed or multimodal distributions), GMM might struggle to fit the
data properly, leading to unstable clustering and less accurate cluster assignments that may
not reflect meaningful underlying structure.

To address this issue, we apply the Box-Cox transformation, a power transformation
that aims to stabilize variance and make the data more normally distributed. Figure 2
(green histograms) illustrates the transformed feature distributions, demonstrating a signif-
icant reduction in skewness. The DiabetesPedigreeFunction, Glucose, and BloodPressure
distributions become more symmetric, making them more amenable to clustering. The
transformation notably improves Age and Insulin, although the latter still exhibits a zero-
inflated pattern. While some features retain minor deviations from normality, the overall
transformation effectively enhances Gaussian-like behavior across most variables. The
distributions of the non-categorical features from the PIMA dataset are shown both before
and after the Box-Cox transformation. On the other hand, Figure 3 illustrates that the distri-
butions of BMI are significantly improved in the EHRs dataset, becoming more symmetric
and Gaussian-like, making it more suitable for GMM, whereas the transformation has a
limited effect on features such as blood glucose level, HbAlc level, and age.
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Figure 2. The distribution of features in the PIMA dataset before and after applying a transformation
to improve their suitability for clustering. The blue histograms present the original distributions

of non-categorical features, while the green histograms present the distributions after applying the
Box—Cox transformation.
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Figure 3. The distribution of features in the EHRs dataset before and after applying a transformation
to improve their suitability for clustering. The blue histograms present the original distributions
of non-categorical features, while the green histograms present the distributions after applying the
Box—Cox transformation.
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Feature Space Enrichment Using Kernel Density Estimation (KDE)

KDE is a non-parametric technique used to estimate the probability density function
of a random variable based on observed data points without assuming any specific distri-
bution [35]. It effectively captures the local density of the data points, highlighting regions
of high and low data concentration [35]. In contrast to GMM, which is a parametric and
assumes the data follow a specific distribution that has a number of parameters, such as
mean and covariance [36], KDE constructs the density estimate by centering a kernel func-
tion at each data point and summing their contributions to form a smooth approximation
of the underlying distribution [37]. In this study, we employed a Gaussian kernel, which is
a symmetric kernel function centered at zero, under the assumption that the data originate
from a smooth latent distribution.

A key challenge in using KDE is finding the appropriate bandwidth, which deter-
mines the smoothness of the density estimation. A narrow bandwidth captures more
specific details but increases the risk of overfitting, whereas a broad bandwidth generates
a smoother estimate that may oversimplify the data and obscure important structural
information [35,37]. To address this, we adopted a cross-validated bandwidth selection
strategy. Specifically, candidate values were drawn from the grid [0.1,0.2,0.5,1,2], and the
optimal bandwidth for each feature was chosen by maximizing the training log-likelihood,
ensuring stable and informative KDE-derived features.

After applying GMM to each feature, we further enriched the feature space using
KDE to capture the local probability density of each data point. While GMM provides the
probability that a data point belongs to a specific cluster (e.g., “low” or “high”-glucose
clusters), KDE complements this by providing a non-parametric estimation of how typical
or anomalous a sample is within the broader distribution of each feature. For example, a
patient assigned to a “high-risk” GMM cluster for glucose levels might have a low KDE
value, suggesting that their data value is in a sparsely populated region that likely indicates
an outlier or rare clinical case.

Therefore, this hybrid approach that relies on both GMM and KDE to enrich the feature
space can capture both subgroup membership and local uncertainty, which is particularly
important in medical datasets.

2.2.2. Classification Frameworks

After enriching the feature space with GMM and KDE-based features, three classifi-
cation frameworks were designed to evaluate the effectiveness of the proposed approach.
The first framework trains the classification model on the concatenation of the original
and enriched features to assess the direct contribution of feature augmentation. Building
on this, two ensemble learning frameworks were introduced to further investigate the
predictive value of the enriched feature space, as illustrated in Figure 4. The first ensemble
employs a block-wise stacking strategy, in which base classifiers are trained on individ-
ual feature blocks (each original feature together with its corresponding GMM and KDE
representations), and their outputs are combined using a meta-classifier. The second ensem-
ble adopts a block-wise averaging scheme, where probability predictions from the same
block-wise classifiers are aggregated through simple averaging to form the final decision.
These three frameworks enable a systematic comparison between single-model learning
and ensemble-based strategies, providing insights into the impact of feature enrichment on
predictive performance.
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Feature Block 1 Feature Block 2 Feature Block 3 Feature Block n
(01 + GMM1 + KDE1) (02 + GMM2 + KDE2) (03 + GMM3 + KDE3) (On + GMMn + KDEn)

Base Base Base Base
Classifier Classifier Classifier Classifier

Predicted Predicted Predicted Predicted
Probabilities Probabilities Probabilities Probabilities

TN

(Concatenated Predicted Proba_bi]itiesj

Block-wise Stacking Block-wise Soft Voting
Ensemble Framework Ensemble Framework

Figure 4. The block-wise ensemble learning framework for diabetes prediction. Each feature is first
enriched with its corresponding GMM cluster probabilities and KDE log-density values, forming a
feature block consisting of an original feature (O) together with its GMM and KDE representations.
For each block, a base classifier is trained independently to generate predicted probabilities. These
probability outputs are then concatenated to construct a meta-feature space. Two ensemble strategies
are subsequently applied. In the block-wise stacking ensemble framework, the concatenated prob-
ability vectors serve as input to a meta-classifier for final prediction. In the block-wise soft voting
ensemble framework, the average of the predicted probabilities across all feature blocks is used to
determine the final classification.

2.3. Evaluation Metrics

To assess the performance of the classification models, particularly in the context of
imbalanced datasets, we employ several evaluation metrics that capture both minority and
majority class performance:

*  Accuracy measures the proportion of correctly predicted cases to the total cases:

TP+TN

Aceuracy = 5 T FP T EN

where TP (True Positive) represents cases in which the model correctly predicts di-
abetic instances, TN (True Negative) represents cases in which the model correctly
predicts non-diabetic instances, FP (False Positive) represents cases in which the model
incorrectly predicts diabetic instances, and FN (False Negative) represents cases in
which the model incorrectly predicts non-diabetic instances.
Although widely used, accuracy alone can be misleading in imbalanced datasets, as a
model biased toward the majority class may achieve high accuracy while failing to
detect minority (diabetic) cases.

*  Precision measures the proportion of correctly predicted positive cases out of all cases

predicted as positive:
TP

TP+ FP

It reflects the reliability of the model in minimizing false positives, which is crucial for

Precision =

avoiding unnecessary interventions.
*  Sensitivity (Recall or True Positive Rate) indicates the proportion of actual positive
cases that were correctly identified:

TP
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*  Specificity (True Negative Rate) measures the proportion of actual negative cases

correctly identified:
TN

*  Fl-score is the harmonic mean of precision and recall, providing a balance between

the two: e o
Fl-score = 2 - recision - Reca

Precision + Recall

It provides a balanced measure between precision and recall, particularly suitable for
imbalanced datasets.

*  Area Under the ROC Curve (AUC) evaluates the ability of the model to distinguish
between the positive and negative classes across all classification thresholds. An AUC
of 1.0 indicates perfect classification, while 0.5 represents random guessing.

¢  Matthews Correlation Coefficient (MCC) is a balanced measure that takes into ac-
count all four quadrants of the confusion matrix and is especially informative in
imbalanced datasets:

(TP-TN — FP-FN)

MCC =
V(TP + FP)(TP + FN)(TN + FP)(TN + FN)

MCC is especially informative for imbalanced datasets as it provides a balanced
evaluation even when class sizes differ substantially.

In the context of diabetes prediction, the selected evaluation metrics provide comple-
mentary insights into clinical performance. Sensitivity is particularly important because
false negatives may correspond to missed diabetes cases, delaying early intervention and
increasing the risk of complications. Specificity helps limit false positives, thereby avoiding
unnecessary diagnostic follow-up or treatment for non-diabetic individuals. AUC provides
an overall measure of discriminative ability independent of decision thresholds, which is
essential for clinical settings where risk stratification may vary. F1-score balances preci-
sion and recall under class imbalance, while MCC offers a robust, threshold-independent
summary of model quality that accounts for all four outcomes in the confusion matrix.
Together, these metrics enable a comprehensive and clinically relevant evaluation of model
performance in both balanced and highly imbalanced diabetes prediction.

3. Experimental Results

This section presents the experimental setup and the results obtained using the en-
riched feature vectors generated by the proposed approach.

3.1. Experimental Setup

To evaluate the effectiveness of the proposed feature space enrichment framework,
experiments were conducted on two publicly available diabetes datasets: the PIMA Indian
Diabetes dataset and the Kaggle Diabetes Prediction dataset. Both datasets contain a com-
bination of categorical and continuous variables, with a binary target variable indicating
the presence or absence of diabetes.

Each dataset was randomly split into training (75%) and testing (25%) subsets using a
stratified sampling strategy to preserve the original class distribution. The preprocessing
pipeline included imputing physiologically implausible zero values (for selected PIMA
features) using the median of the corresponding feature, applying the Box—-Cox transfor-
mation to reduce skewness in non-categorical features, and standardizing all continuous
variables to achieve zero mean and unit variance.
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For feature space enrichment, GMMs were applied independently to each transformed
feature. The optimal number of mixture components was selected using the Bayesian
Information Criterion (BIC), and the resulting soft cluster membership probabilities were
incorporated as additional features. In parallel, KDE was applied to each feature, with the
bandwidth automatically selected via cross-validation. The resulting log-density values
were then appended to the feature set. Finally, the concatenation of the original and
enriched features formed the extended feature space.

To address class imbalance in both datasets, a class-weighting strategy was employed.
Specifically, the contribution of each class to the loss function was adjusted in proportion to
its prevalence, such that misclassification of minority-class (diabetic) instances incurred a
higher penalty. This approach enhances sensitivity to the minority class without introducing
the drawbacks commonly associated with synthetic oversampling methods, such as data
duplication or overfitting, while preserving the original data distribution.

Logistic Regression (LR) was used across all experimental setups to train the diabetes
prediction models. It was selected for this study due to its simplicity and interpretability,
and it demonstrated effectiveness in diabetes prediction, where it has been shown in many
cases to outperform more complex models [28,38-47].

Hyperparameter tuning was conducted using grid search with stratified 5-fold cross-
validation, repeated three times on the training data. Both L1 (Lasso) and L2 (Ridge)
regularization penalties were evaluated, with the inverse regularization strength parameter
(C) tuned over the values 0.01, 0.1, 1, and 10. The maximum number of iterations (max_iter)
was set to 5000 to ensure model convergence.

3.2. Impact of Feature Enrichment on Prediction Performance

This section presents the experimental results of the proposed feature space enrichment
framework evaluated on two diabetes datasets. The objective is to examine whether enriching
the original feature space with GMM and KDE-based features can improve classification
performance, particularly with respect to detecting minority-class (diabetic) cases.

For both datasets, Logistic Regression was used as the base classifier across all experi-
mental setups. We evaluated three methodological configurations:

1. Baseline model: Trained on the original features only.

2. Feature-enriched model: Trained on the concatenation of original features with GMM-
derived soft probabilities and KDE-based log-density estimates.

3. Ensemble models: Incorporating enriched feature blocks through two ensemble strate-
gies, block-wise stacking with Logistic Regression as the meta-classifier and block-wise
soft voting.

Each experimental configuration was evaluated using stratified 5-fold cross-validation
repeated three times on the training set, followed by independent assessment on the held-
out test set. Performance was reported using a comprehensive set of metrics appropriate for
imbalanced classification tasks, including accuracy, precision, sensitivity (recall), specificity,
Fl-score, AUC, and the MCC.

To facilitate interpretation, the results are presented separately for each dataset.

3.2.1. PIMA Dataset Results

The performance of the proposed framework on the PIMA dataset was evaluated
using both the baseline and enriched feature representations. As shown in Table 1, the
baseline model, which trains an LR classifier using the original features, achieved an AUC
of 0.85 on the validation set, which decreased to 0.79 on the independent test set. Similarly,
the F1-score reached 0.68 on the validation set but declined to 0.62 on the test set. In terms
of sensitivity, the model correctly identified 68% of diabetic cases. These results indicate
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that, although the baseline model exhibits reasonable predictive performance, the observed
decrease from validation to test metrics highlights limitations in generalizability when
relying solely on the original feature space.

When feature space enrichment using GMM and KDE was applied, the Fl-score
improved to 0.67 on the validation set and 0.68 on the test set, while the MCC increased
from 0.38 to 0.49 on the test set. Although the improvement in AUC was modest, reaching
0.80 on the test set, the enriched representation consistently enhanced sensitivity, which is
particularly important for identifying diabetic cases. Moreover, the consistent performance
observed across the validation and test sets suggests that the enriched features contribute
to improved model stability and generalizability.

The block-wise stacking ensemble achieved the strongest overall performance among
all evaluated models. On the validation set, it attained an Fl-score of 0.76 and an MCC of
0.52, representing the highest values across all approaches. On the test set, the stacking
model maintained strong performance, achieving an F1-score of 0.68, an MCC of 0.47, and
an AUC of 0.82, thereby outperforming both the baseline and the enriched LR models.
This consistent performance indicates that the stacking strategy effectively integrates
information from multiple feature blocks.

The block-wise soft voting ensemble also improved performance over the baseline,
but its gains were less than stacking. On the test set, it reached an F1-score of 0.67 and MCC
of 0.44, with an AUC of 0.81. While these results indicate moderate improvement, the soft
voting framework did not leverage the feature-block structure as effectively as stacking.

Table 1. Performance comparison of baseline, feature-enriched, and ensemble models on the
PIMA dataset.

Model Set Accuracy AUC Precision  Sensitivity = Specificity =~ F1-Score McCC
Baseline (original features) Validation  0.761559 0.84727 0.64028 0721795 0615385  0.676701 0.493382
& Test 0697917  0.787204 0566265  0.681159 0707317  0.618421 0.376261
Feature-enriched model Validation 0750615  0.842844  0.620176 0741880  0.692308  0.672399  0.482699
cature-enriched mode Test 0.750000 0.799340 0.626506 0.753623 0747967  0.684211 0.485819
Blockwise stackine ensembl Validation 0765625  0.848007  0.630081 0778894  0.758621 0.758621 0.516730
ock-wise stackang ensemble Test 0.739583 0.824673 0.609195 0768116 0723577  0.679487  0.473933
Blockowise soft voting ensemble | Validation 0746528 0834597 0605578 0763819 0737401 0.675556  0.480677
& Test 0713542  0.813228 0572917  0.797101 0.666667  0.666667  0.445048

To evaluate whether the observed gains in sensitivity are achieved at the expense
of increased false positive rates or reduced precision, we analyzed the trade-offs among
evaluation metrics. Compared with the baseline model, the feature-enriched framework
achieves higher sensitivity while maintaining comparable precision and specificity, as
shown in Table 2. In particular, the increase in the true positive rate is not accompanied by
a disproportionate rise in false positives, indicating a balanced precision—recall behavior.
This trade-off is clinically favorable, as reducing false negatives (missed diabetic cases) is
generally prioritized over a moderate increase in follow-up screening.

Table 2. Metric trade-off analysis on the PIMA dataset (test set).

Model Precision  Sensitivity (Recall)  Specificity FPR

Baseline (original features) 0.566265 0.681159 0.707317 0.292683
Feature-enriched model 0.626506 0.753623 0.747967 0.252033
Block-wise stacking ensemble 0.609195 0.768116 0.723577 0.276423
Block-wise soft voting ensemble  0.572917 0.797101 0.666667 0.333333
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Figure 5 presents the confusion matrices of the four models evaluated on the PIMA
test set. The results show that the feature-enriched and ensemble configurations (stacking
and soft voting) reduced the number of false negatives compared with the baseline model,
indicating improved sensitivity to diabetic cases. In particular, the feature-enriched model
and the stacking ensemble achieved a more balanced trade-off between correctly identifying
diabetic and non-diabetic patients. These findings demonstrate the effectiveness of the
proposed feature space enrichment in enhancing model generalization and reliability.

Analysis of the confusion matrices reveals a consistent reduction in false negatives
with only a marginal change in false positives, indicating that the proposed enrichment
framework improves the detection of diabetic cases without substantially increasing unnec-
essary clinical alarms.

Baseline (Original Features) Feature-Enriched (Orig + GMM + KDE)

Actual: Non-Diabetic Actual: Non-Diabetic

Actual: Diabetic Actual: Diabetic

Pred: Non-Diabetic Pred: Diabetic

Pred: Non-Diabetic Pred: Diabetic

Block-wise Stacking Ensemble Block-wise Soft Voting Ensemble

Actual: Non-Diabetic 34 Actual: Non-Diabetic

Actual: Diabetic Actual: Diabetic

Pred: Non-Diabetic Pred: Diabetic

Pred: Non-Diabetic Pred: Diabetic

Figure 5. Confusion matrices of the LR models evaluated on the PIMA test set. Each matrix displays
the distribution of correctly and incorrectly classified cases, with true diabetic and non-diabetic
samples on the vertical axis (actual class) and predicted outcomes on the horizontal axis (predicted
class). The top left and bottom right cells represent correctly identified non-diabetic (TN) and diabetic
(TP) cases, respectively, while the off-diagonal cells correspond to misclassifications: FP and FN.

To assess robustness, we report the mean and standard deviation of performance
metrics across stratified cross-validation folds, as shown in Table 3. The enriched model
exhibits lower variability across folds while consistently improving sensitivity, indicating
that the observed performance gains are stable and not driven by favorable data splits.

Table 3. Cross-validation performance variability (mean £ standard deviation) across test folds.

Model Sensitivity (Mean + std) Precision (Mean =+ std) Specificity (Mean + std) MCC (Mean = std)
Baseline 0.69 £ 0.05 0.57 £ 0.04 0.71£0.03 0.38 £0.05
Feature-enriched 0.76 £ 0.03 0.63 £ 0.03 0.75 £ 0.03 0.48 £0.04

Figure 6 presents the learning curves for the LR models trained on the PIMA dataset un-
der three configurations: baseline, feature-enriched, and block-wise stacking ensemble. The
baseline model exhibits a noticeable gap between training and validation accuracy, indicat-
ing mild overfitting due to limited feature expressiveness. In contrast, the feature-enriched
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model demonstrates smoother convergence and reduced log-loss, reflecting improved gen-
eralization. The stacking ensemble further stabilizes the learning process, achieving higher
validation accuracy and lower loss across varying sample sizes. These learning curves
confirm that the proposed enrichment strategy not only enhances predictive performance

but also promotes more stable and efficient model training, thereby mitigating overfitting
in small and imbalanced medical datasets.

Logistic Regression — Learning Curve (Accuracy) Logistic Regression — Learning Curve (Log-loss)
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(c) Block-wise stacking ensemble model.

Figure 6. Learning curves for LR models trained on the PIMA dataset. Each panel shows the evolution
of training and validation performance in terms of accuracy (left) and log-loss (right) as the number
of training samples increases. (a) Baseline model using original features, (b) feature-enriched model
incorporating GMM and KDE representations, and (c) block-wise stacking ensemble. The shaded
regions represent the standard deviation over cross-validation folds. The curves demonstrate that

feature enrichment and stacking improve convergence stability and reduce the generalization gap
between training and validation performance.

Opverall, as illustrated in Figure 7, the enriched features improve performance, stability,
and generalization in the PIMA prediction task. In addition, the stacking ensemble achieves
the highest AUC, making it the most effective configuration for this dataset.
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AUC Sensitivity Specificity MCC
Metric
I Original (baseline) I Feature-enriched B Block-wise Stacking

Figure 7. Comparison of test performance metrics for PIMA prediction across three approaches:
baseline (original features), feature space enrichment (original + GMM + KDE), and block-wise
stacking. The bar plots show values of AUC (%), Sensitivity (%), Specificity (%), and MCC (%).
Results indicate that feature enrichment and stacking consistently improve the values relative to
the baseline.

To evaluate the robustness of the probabilistic enrichment with respect to modeling
choices, we conducted a sensitivity analysis by varying the number of Gaussian compo-
nents (K) around the BIC-selected value for each feature. Table 4 reports the classification
performance across all tested configurations. The results indicate that performance remains
largely stable for different values of K, with variations in F1-score, AUC, and MCC generally
confined to a narrow range (typically < 0.02).

Notably, for features such as Pregnancies, SkinThickness, and DiabetesPedigreeFunc-
tion, performance remained nearly unchanged across all tested values of K, indicating
that the mixture representations for these variables are inherently stable. In contrast, for
Glucose, Insulin, and BloodPressure, slightly higher MCC and AUC values were observed
at K =5, K = 3, and K = 4, respectively. Moreover, BMI and Age benefited more substan-
tially from higher values of K (4 and 10), reflecting greater heterogeneity in the underlying
distributions of these clinical attributes.

The final selected numbers of components (last column in Table 4) coincide with the
best or near-best performing configurations, confirming that BIC-based selection is not only
theoretically well grounded but also empirically stable under perturbation.

Table 4. Sensitivity of enriched model performance to varying GMM components (K). The final
selected K per feature (determined by BIC) is indicated in the last column.

Feature K F1-Score AUC MCC Selected K (BIC)
Pregnancies 9 0.606 0.791 0.351

Pregnancies 10 0.606 0.789 0.351 9
Pregnancies 11 0.606 0.790 0.351

Glucose 3 0.599 0.791 0.335

Glucose 4 0.620 0.797 0.370 5
Glucose 5 0.625 0.796 0.376

BloodPressure 2 0.620 0.793 0.370

BloodPressure 3 0.620 0.794 0.370 4
BloodPressure 4 0.629 0.789 0.384

SkinThickness 1 0.620 0.793 0.370

SkinThickness 2 0.620 0.795 0.370 2
SkinThickness 3 0.608 0.795 0.349
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Table 4. Cont.

Feature K F1-Score AUC MCC Selected K (BIC)
Insulin 1 0.620 0.793 0.370

Insulin 2 0.613 0.794 0.354 3

Insulin 3 0.625 0.797 0.376

BMI 2 0.620 0.794 0.370

BMI 3 0.620 0.797 0.370 4

BMI 4 0.646 0.802 0.409
DiabetesPedigreeFunction 1 0.620 0.793 0.370 1
DiabetesPedigreeFunction 2 0.620 0.787 0.370

Age 8 0.650 0.804 0.420

Age 9 0.642 0.800 0.406 10

Age 10 0.675 0.812 0.469

Note: Bold values indicate the best performance achieved for each feature across different numbers of GMM
components. The selected K corresponds to the optimal number of components determined using the BIC.

In addition to the GMM component analysis, we evaluated the robustness of the
KDE-based density features by varying the kernel bandwidth parameter within the range
[0.5,2.0]. As summarized in Table 5, model performance remained nearly identical across all
bandwidth settings, with no measurable change in F1-score and only negligible fluctuations
in AUC and MCC (less than 0.002). These results indicate that the KDE-derived enriched
features are highly stable and exhibit minimal sensitivity to the choice of bandwidth.

The selected bandwidth value of 1.0 (highlighted in the table) yields performance
equivalent to or slightly better than the other tested settings. This stability indicates that
KDE-based enrichment does not require precise hyperparameter tuning to achieve optimal
performance and can generalize effectively without extensive parameter search, thereby
enhancing reproducibility for future applications and external datasets.

Table 5. Impact of KDE bandwidth variation on enriched model performance.

Bandwidth F1-Score AUC MCC
0.5 0.6203 0.7932 0.3704

1.0 (selected) 0.6203 0.7934 0.3704
1.5 0.6203 0.7938 0.3704

2.0 0.6203 0.7926 0.3704

The subgroup misclassification analysis presented in Table 6 shows that the proposed
GMM-KDE enrichment improves prediction performance across most clinical intervals
compared with the baseline model. The most notable gains are observed in borderline
ranges, particularly for mid-level Glucose (+0.1087 and +0.1295), BMI (+0.1221 and +0.1043),
and Age (+0.1292) subgroups, where class boundaries are inherently more ambiguous.
These findings indicate that the probabilistic enrichment facilitates better discrimination
among patients whose clinical profiles fall within overlapping distributions. In contrast,
extreme values (e.g., very low or very high glucose levels and very high age) exhibit smaller
improvements, suggesting that these cases remain more challenging and leave room for
further methodological enhancements. Overall, the results confirm that the enriched
feature space primarily strengthens discrimination in clinically ambiguous regions while
maintaining stable performance across different subgroups.
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Table 6. Subgroup misclassification analysis comparing baseline and enriched model performance
across clinical quartiles. The results show that GMM-KDE feature enrichment provides the largest
improvement for borderline cases such as mid-range Glucose, BMI, and Age groups.

Feature Group (Quartile) Baseline F1 Enriched F1 Change
Glucose Mid-Low 0.5000 0.6087 +0.1087
Glucose Mid-High 0.6531 0.7826 +0.1295
Glucose Low 0.7500 0.6667 -0.0833
Glucose High 0.8457 0.8611 +0.0160
BMI Mid-High 0.6800 0.7619 +0.0819
BMI Mid-Low 0.6471 0.7692 +0.1221
BMI Low 0.6957 0.8000 +0.1043
BMI High 0.7459 0.8105 +0.0646
Age High 0.8373 0.8533 +0.0160
Age Mid-High 0.7500 0.8333 +0.0833
Age Mid-Low 0.6400 0.7692 +0.1292
Age Low 0.5833 0.6000 +0.0167

Note: Bold values indicate improved Fl-scores of the enriched model compared to the baseline. The “Change”
column reports (Enriched - Baseline), where positive values denote performance gains.

Given the limited sample size of the PIMA dataset and the use of probabilistic feature
enrichment, we conducted an explicit robustness analysis using nested cross-validation to
assess the risk of overfitting and optimistic bias. A stratified 5 x 5 nested cross-validation
protocol was employed, in which the outer loop was used for unbiased performance
estimation and the inner loop for model and hyperparameter selection. All preprocessing
steps, including feature scaling, Box-Cox transformation, and GMM/KDE-based feature
enrichment, were performed strictly within each outer training fold and subsequently
applied to the corresponding validation and test partitions. This procedure ensured that no
distributional information was shared across folds.

Table 7 reports the mean and standard deviation of performance metrics across the
outer folds. The baseline model trained on the original features achieved an average AUC
of 0.81 £ 0.03 and an MCC of 0.39 £ 0.05, while the enriched model achieved a higher
AUC of 0.84 & 0.02 and MCC of 0.48 & 0.04. Importantly, the enriched representation also
improved sensitivity (0.76 + 0.05) compared to the baseline (0.69 & 0.06), with comparable
variability across folds.

Table 7. Nested cross-validation results on the PIMA dataset (mean =+ std).

Model AUC McCC Sensitivity Specificity

Baseline (Original features) 0.81 +0.03 0.39 + 0.05 0.69 + 0.06 0.74 +0.04
Feature-enriched (GMM + KDE) 0.84 £0.02 0.48 +0.04 0.76 + 0.05 0.75 4+ 0.03

The relatively low standard deviations observed across all evaluation metrics indicate
stable performance and demonstrate that the improvements achieved through probabilistic
feature enrichment are consistent across different data splits, rather than being driven by a
small number of favorable partitions. These results confirm that the proposed enrichment
strategy enhances generalization on the PIMA dataset without inducing overfitting.

3.2.2. EHRs Dataset Results

The EHRs dataset is substantially larger than the PIMA dataset and exhibits pro-
nounced class imbalance, with a significantly higher number of non-diabetic samples
compared to diabetic cases. Despite this imbalance, Table 8 shows that the baseline LR
model already demonstrates strong predictive capability, achieving AUC values of ap-
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proximately 0.96 on both the validation and test sets. These results indicate excellent
discrimination between diabetic and non-diabetic cases.

Introducing feature enrichment through GMM and KDE further improved perfor-
mance relative to the baseline model. The results show that sensitivity increased from
0.88 to 0.91, enhancing the model’s ability to correctly identify diabetic cases. This im-
provement was accompanied by increases in the F1-score (from 0.57 to 0.61) and MCC
(from 0.56 to 0.61). These findings indicate that feature enrichment improves the balance
between sensitivity and specificity while preserving overall accuracy and maintaining
stable AUC performance.

Although the ensemble frameworks based on stacking and soft voting improved
performance relative to the baseline model, the observed gains were modest. In particular,
the stacking approach achieved a slight increase in AUC compared with the feature-
enriched model, while no substantial improvements were observed across the remaining
evaluation metrics.

Table 8. Performance comparison of baseline, feature-enriched, and ensemble models on the
EHRs dataset.

Model Set Accuracy AUC Precision  Sensitivity = Specificity =~ F1-Score McCC
Baseline (original features) Validation  0.886764 0.961615 0.41951 0.877654 0.883103 0.567626 0.558029
& Test 0.887240 0.961073 0.424611 0.876279 0.888271 0.572036 0.561023
Feature-enriched model Validation  0.905480 0.979433 0.47454 0.923256 0903807  0.626875 0.621224
cature-enriched mode Test 0.900600 0.973665 0.460635 0911628 0.899562 0.612022 0.605172
Blockwise stacking ensembl Validation  0.897693 0.988085 0448477  0.906772 0.896854 0.600135 0.593931
ock-wise stackang ensemble Test 0.897600 0.984330 0.452036 0.898605 0.897505 0.601494 0.592871
Block-wise soft voting ensemble  Validation 0886320 0.963858 0420106  0.900945 0.884967 0573017  0.567550
& Test 0.887120 0.964192 0.425893 0.898141 0.886083 0.577798 0.570617

On the EHRs dataset, feature enrichment increases sensitivity while slightly reducing
the false positive rate compared with the baseline model, as shown in Table 9, indicating
improved detection of diabetic cases without an increase in false alarms.

Table 9. Metric trade-off analysis on the EHRs dataset (test set).

Model Precision  Sensitivity (Recall) Specificity FPR

Baseline (original features) 0.424611 0.876279 0.888271 0.111729
Feature-enriched model 0.460635 0.911628 0.899562  0.100438
Block-wise stacking ensemble 0.452036 0.898605 0.897505  0.102495
Block-wise soft voting ensemble  0.425893 0.898141 0.886083  0.113917

Figure 8 displays the confusion matrices for the EHRs dataset. Across all implemented
methodologies, the models exhibit strong discrimination between diabetic and non-diabetic
samples, consistent with the high AUC values reported earlier. The feature-enriched
and ensemble approaches (stacking and soft voting) further reduced the number of false
negatives compared with the baseline model, correctly identifying a greater proportion
of diabetic cases while maintaining low false-positive rates. These results confirm that
the enriched feature representations enhance the model’s ability to generalize and sustain
balanced predictive performance, even in the presence of substantial class imbalance.
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Baseline (Original Features) Feature-Enriched (Orig + GMM + KDE)

Actual: Non-Diabetic 2553 Actual: Non-Diabetic 2203

Actual: Diabetic 266 1884 Actual: Diabetic 189 1961
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Figure 8. Confusion matrices of the LR models evaluated on the EHRs test set. Each matrix displays
the distribution of correctly and incorrectly classified cases, with true diabetic and non-diabetic
samples on the vertical axis (actual class) and predicted outcomes on the horizontal axis (predicted
class). The top left and bottom right cells represent correctly identified non-diabetic (TN) and diabetic
(TP) cases, respectively, while the off-diagonal cells correspond to misclassifications: FP and FN.

Figure 9 presents the learning curves of LR models for the EHRs dataset, comparing
the baseline and feature-enriched configurations. Unlike the smaller PIMA dataset, both
models exhibit rapid convergence and minimal divergence between training and validation
curves, indicating well-generalized learning without evidence of overfitting. The stability of
the log-loss across increasing sample sizes further confirms reliable optimization behavior
and model consistency. The feature-enriched configuration demonstrates slightly higher
accuracy and lower log-loss, suggesting that the GMM and KDE-derived features enable
the model to capture finer probabilistic structure in the data. Overall, these learning curves
highlight the robustness and scalability of the proposed enrichment framework when
applied to large and heterogeneous medical datasets.

Overall, as illustrated in Figure 10, the feature-enriched model improves predictive
performance, particularly by increasing sensitivity and enhancing the F1-score and MCC,
while maintaining stable AUC and accuracy. In contrast, ensemble methods such as
stacking and voting yield only marginal additional gains, achieving slight improvements
in AUC but having minimal impact on the remaining evaluation metrics compared with
the feature-enriched model.
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Figure 9. Learning curves for LR models trained on the EHRs dataset. Each panel shows the evolution
of training and validation performance in terms of accuracy (left) and log-loss (right) as the number of
training samples increases. (a) Baseline model using original features, and (b) feature-enriched model
incorporating GMM and KDE representations. The shaded regions represent the standard deviation
over cross-validation folds. The curves demonstrate that feature enrichment improves convergence
stability and reduces the generalization gap between training and validation performance.

1.0 0.96 0.98 0.98

- 0.89 0.90 0.90
0.9 -

AUC Sensitivity Specificity MCC
Metric
mmm Original (baseline) mmm Feature-enriched B Block-wise Stacking

Figure 10. Comparison of test performance metrics for EHRs prediction across three approaches:
baseline (original features), feature space enrichment (original + GMM + KDE), and block-wise
stacking. The bar plots show values of AUC (%), Sensitivity (%), Specificity (%), and MCC (%).
Results indicate that feature enrichment model provides the best results.

3.3. Interpretability and Feature Contribution Analysis

To enhance transparency and identify which enriched variables contribute most to di-
abetes prediction, a post hoc interpretability analysis was conducted using SHAP (SHapley
Additive exPlanations) [48]. SHAP quantifies the marginal contribution of each feature
to the model output and enables assessment of whether the performance gains achieved
through enrichment arise from a small subset of highly informative probabilistic features
or from a more distributed contribution across the enriched feature space.
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Figure 11 presents the mean absolute SHAP values for the Logistic Regression model
trained on the enriched PIMA dataset. After feature scaling, the results indicate that BMI
is the most influential predictor, followed closely by Glucose, which is consistent with
established clinical knowledge. Importantly, several enriched variables appear prominently
among the top contributors, including Age. KDE, Age_ GMM_Prob_5, BMI_GMM_Prob_1,
and BMI_GMM_Prob_2. This demonstrates that the enrichment process introduces mean-
ingful latent representations rather than redundant transformations. In addition, multiple
KDE-based features rank in the mid-to-lower importance range, indicating that density-
based features contribute to prediction, albeit with lower relative impact compared to
GMM-derived probabilities and primary clinical variables.

SHAP Feature Importance - PIMA Enriched Model

svi [
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age_koe. [N
Age_GMM_Prob_5 _
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Figure 11. Mean absolute SHAP feature importance for the enriched PIMA model, showing contribu-
tion strength of original, GMM-derived, and KDE-derived features after scaling.

The SHAP beeswarm visualization in Figure 12 provides deeper insight into the
directional effect of each feature. Each point represents a sample, with red indicating
high feature values and blue representing low values. A clear positive trend is visible
for both BMI and Glucose, where high values push predictions toward the diabetic class,
matching real clinical behavior. Several enriched variables, particularly Age. KDE and
GMM-based cluster memberships such as Age_ GMM_Prob_5 and BMI_GMM_Prob_1, also
show structured and non-random contribution patterns, confirming that the enrichment
framework captures latent metabolic subgroups and density-based deviations that influence
classification. KDE features tend to cluster near zero with occasional strong positive
impact for low—density regions, suggesting their role in detecting atypical or outlier-like
risk profiles.

Overall, the SHAP analysis confirms that the enriched feature space contributes
meaningfully to prediction rather than acting as a passive dimensional expansion. The
integration of GMM and KDE-derived features alongside the original clinical variables
results in a more expressive representation, leading to improved sensitivity and enhanced
classification stability. Although some lower-ranked KDE and GMM features exhibit limited
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individual impact, they do not degrade performance, suggesting that targeted feature
pruning or redundancy analysis could further optimize dimensionality in future work.
This interpretability assessment corroborates the performance improvements reported in
Section 3.2.1.
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Figure 12. SHAP beeswarm summary for the enriched PIMA model. Color reflects feature magnitude
(red = high; blue = low), while horizontal displacement indicates positive or negative effect on
diabetes prediction.

4. Discussion

The experimental results obtained from both the PIMA and EHRs datasets demon-
strate the effectiveness of the proposed feature space enrichment framework in improving
diabetes prediction. The consistent performance gains observed across datasets of different
sizes and class imbalance levels underscore the generalizability of the proposed approach.

On the smaller and more imbalanced PIMA dataset, the baseline LR model achieved
only moderate performance, with noticeable reductions in generalization from the valida-
tion to the test sets. Incorporating GMM and KDE-derived features significantly improved
both stability and sensitivity, confirming that feature space enhancement is particularly
valuable when working with limited or weakly informative predictors. Furthermore, the
block-wise stacking ensemble achieved the best overall performance, supporting prior
findings that meta-learning approaches can more effectively integrate complementary
feature information than simple averaging strategies [13,14].

In addition to quantitative performance evaluation, the SHAP-based interpretabil-
ity analysis demonstrated that both original clinical variables and enriched probabilistic
features contribute meaningfully to the final predictions. After feature scaling, BMI and
Glucose emerged as the most influential predictors in the PIMA model, consistent with
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established clinical knowledge. Importantly, several enriched features, including Age_KDE,
Age_ GMM_Prob_5, BMI_GMM_Prob_1, and BMI_GMM_Prob_2, exhibited substantial im-
pact, confirming that the performance gains reported in Section 3.2.1 arise from the addi-
tional probabilistic structure introduced by GMM and KDE rather than from the original
features alone. The SHAP beeswarm visualization further revealed interpretable patterns:
higher values of BMI and Glucose consistently shifted predictions toward the diabetic class,
while KDE-based features frequently highlighted low-density patient profiles associated
with atypical or high-risk metabolic conditions. Collectively, these findings indicate that the
enriched features provide complementary information beyond traditional clinical indica-
tors, enhancing model transparency and reinforcing the clinical relevance of the proposed
enrichment framework.

Because the PIMA dataset contains a relatively small number of samples, we carefully
addressed the risk of overfitting and potential information leakage during probabilistic
feature construction. All GMM and KDE models were fitted exclusively on the training
folds within the cross-validation pipeline, and enriched features for validation and test
instances were generated using models learned solely from their corresponding training
subsets. This procedure prevents the density estimators from accessing information outside
their respective folds and avoids leakage of distributional patterns. Furthermore, the
use of stratified repeated 5-fold cross-validation, together with regularized classifiers and
class-weighting, reduces variance and helps preserve model generalization.

In contrast, on the substantially larger EHRs dataset, where the baseline model al-
ready demonstrated strong discriminative performance, the proposed enrichment yielded
incremental yet consistent improvements in sensitivity, F1-score, and MCC without com-
promising AUC or specificity. These findings indicate that the proposed framework not
only generalizes effectively to large-scale datasets but also provides measurable bene-
fits in identifying minority diabetic cases, even when overall predictive performance is
already high.

Although the enriched features are mathematically derived, they offer intuitive in-
terpretations in clinical settings. GMM-based probabilities reflect the degree to which a
patient belongs to latent subgroups characterized by similar patterns in variables such
as glucose, BMI, or HbAlc. These subgroups may correspond to clinically meaningful
phenotypes, including patients exhibiting early metabolic dysregulation or those with more
stable metabolic profiles. In parallel, KDE-derived density values indicate how typical
or atypical a patient’s measurements are relative to the broader population. Low-density
values may signal rare or extreme combinations of risk factors, which are often associated
with elevated clinical concern. Taken together, these probabilistic features help identify
clusters of patients with shared characteristics while also highlighting individuals who
reside in high-risk or unusual regions of the feature space, thereby enhancing clinical
interpretability and supporting more informed decision-making.

The proposed framework introduces additional preprocessing through GMM and
KDE modeling; however, the associated computational cost remains modest, as both
models are fitted independently for each feature rather than on the full multivariate space.
This per-feature design results in computational complexity that scales approximately
linearly with the number of variables, enabling efficient feature enrichment even for large
datasets. Moreover, feature enrichment is performed only once during model training,
while deployment in a clinical environment requires evaluating mixture probabilities and
KDE values for new patient records, followed by logistic regression inference. These
operations are computationally lightweight and can be executed in real time, making the
proposed framework practical for routine clinical use.
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The proposed GMM-KDE enrichment framework demonstrates consistent perfor-
mance gains; however, this study focuses exclusively on probabilistic feature representa-
tions. Other feature space transformation strategies, such as Principal Component Analy-
sis (PCA) [49], Independent Component Analysis (ICA) [50], autoencoder-based embed-
dings [51], or hybrid pipelines combining statistical and deep representations, may yield
competitive or complementary improvements. Consequently, the observed performance
enhancement should not be interpreted as unique to GMM and KDE-derived features, and
systematic benchmarking against alternative enrichment techniques remains an important
direction for future work.

A second limitation concerns the scope of the feature relevance assessment. While
SHAP analysis was conducted and demonstrated that enriched probabilistic features con-
tribute meaningfully to the prediction process, the study does not evaluate whether all
generated GMM/KDE components are equally informative or whether some may be redun-
dant or collinear with the original clinical predictors. Future work should therefore extend
the relevance analysis toward redundancy-aware feature selection, for example, by using
mRMR [52,53], ReliefF [54], or sparsity-inducing models such as LASSO or ElasticNet [55],
to retain only the most discriminative representations and avoid unnecessary dimensional-
ity inflation. In addition, projection-based relevance evaluation may help assess whether
the enriched features meaningfully separate diabetic and non-diabetic cases.

5. Conclusions

This study introduces a probabilistic feature enrichment framework for early diabetes
prediction by integrating GMM and KDE into the feature representation process. By
augmenting the original clinical variables with probabilistic descriptors, the proposed
framework captures latent distributional characteristics that may not be fully represented
by conventional features, thereby improving the discriminative capability of standard
classifiers without increasing model complexity. Comprehensive experiments conducted
on two benchmark datasets—the smaller and more imbalanced PIMA dataset and the larger
EHRs dataset—demonstrate the robustness of the proposed approach across heterogeneous
data settings. On the PIMA dataset, feature enrichment led to substantial improvements
in sensitivity and generalization performance, underscoring its effectiveness in scenarios
with limited or weakly informative predictors. On the EHRs dataset, where the baseline
model already exhibited strong discriminative performance, the proposed enrichment
consistently improved sensitivity, F1-score, and MCC, confirming its ability to enhance
predictive balance in highly imbalanced clinical data. Importantly, the use of class-weighted
learning enabled improved detection of minority diabetic cases without the drawbacks
associated with synthetic oversampling techniques.

Overall, the findings highlight the clinical significance of probabilistic feature enrich-
ment, as improved sensitivity translates into fewer false negatives and a reduced risk of
missed diabetes diagnoses—an essential factor for early intervention and the prevention of
complications. Future work will extend this framework to more advanced classifiers, such
as Support Vector Machines (SVMs) and XGBoost, and will further evaluate its applicability
across broader healthcare prediction tasks.

Future work will focus on refining the enriched feature space through feature attri-
bution and relevance-redundancy analysis to identify the most informative probabilistic
components and reduce dimensionality without sacrificing discriminative performance.
In addition, extending the framework to multi-class prediction settings, performing case-
level and subgroup-specific error analyses, and exploring alternative or hybrid enrichment
strategies, such as PCA, ICA, and autoencoder-based representations—represent promising
directions for future research.
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