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Abstract

Timely diagnosis of diabetes supports earlier clinical action, yet standard machine-learning pipelines often struggle with
overlapping features, inter-correlated clinical measurements, and models whose decisions are hard to explain. In this paper,
we present an explainable hybrid framework based on Recursive feature elimination — Principal Component Analysis — Radial
Basis Function Support Vector Machine (RFE-PCA-RBF-SVM). The study exploits Pima Indians Diabetes Dataset (PIDD), which
consists of 768 cases and eight clinical attributes. Our framework comprises handling of invalid data based on median
imputation, Min-Max normalization of the dataset, RFE feature selection, PCA dimensionality reduction, and hyperparameter
optimization of RBF-SVM. The experiment was designed to use 80:20 stratified train-test scheme as well as 10-fold stratified
cross-validation, ablation analysis, and statistical validation methods. It was found out that hybrid framework performed
better than the base model in terms of measured characteristics and achieved accuracy of 71.08% (standard deviation =
2.71%). Considering that Histogram Gradient Boosting surpassed the other methods analyzed in terms of the predictive
performance of the model, the hybrid framework proposed in this study managed to remain highly effective offering a well-
structured process for feature optimization and nonlinear classification. In this context, the explainability based on the SHAP
methodology determines the importance of Glucose, BMI, Age, and Diabetes Pedigree Function for the model prediction
results. Consequently, the proposed method provides a neat, statistically verified, and interpretable technique for diabetes
prediction, demonstrating the significance of the combination of predictive evaluation with component-wise ablation and
explainability analysis.

Keywords: Diabetes Prediction; Pima Indians Diabetes Dataset; Recursive Feature Elimination; Principal Component
Analysis; RBF-SVM; Hybrid Machine Learning; Feature Optimization; Explainable Artificial Intelligence; SHAP; Statistical
Validation; Cross-Validation.

1.0 Introduction:

1.1 Background and Research Context

Diabetes mellitus is a long-term metabolic condition that places heavy demands on healthcare systems
worldwide because of how common it is, how many complications it produces, and the resulting cost of care.
When blood glucose stays poorly controlled over time, it can progressively damage the heart, kidneys, nerves,
and eyes, and raise the risk of stroke[1]. The consequences of the late diagnosis are extremely important because
many patients remain undetected as far as the disease shows very fuzzy symptoms during the first stages of its
progress. As a result, effective risk prediction becomes an important component of preventive medicine and
helps at-risk people to undergo further diagnostic process and treatment. This research explains the notion of
risk assessment and the development of machine learning supported systems for risk assessment.Magic of Al
and machine learning results in numerous opportunities for support of data-based medical decisions. Unlike
conventional analytical methods based on logical guessing of the relations between clinical parameters and
outcomes, properly tuned supervised ML algorithms may uncover complex relationships between clinical
parameters and outcomes based on the historical data.A wide range of classifiers has been tested on this
problem, including Logistic Regression[2], tree-based models such as Decision Trees and Random Forest,
probabilistic learners like Naive Bayes, distance-based methods such as KNN, margin-based Support Vector
Machines, and neural-network approaches.In fact, SVM is often determined to be a suitable tool for binary
classification in medicine due to its maximum-margin method of learning and its ability to predict nonlinear
functions through kernel functions that help SVM in solving its challenges.However, it can be said that the
performance of an SVM classifier entirely depends on the type and quality of its features, so it would be incorrect
to state that it is enough to select a powerful classifier[3].

1.2 Challenges in Machine-Learning-Based Diabetes Prediction

While modern technologies like machine learning have evolved, achieving full automation of diabetes prediction
remains problematic because clinical datasets are often compiled of incomplete entries, excessive
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features, correlated predictors, various measurement scales, and class imbalance, all 6f- which obstruct model
learning and produce unreliable or biased decision contours[4]. One illustrative example of this issue is Pima
Indians diabetes dataset that demonstrates all of these problems perfectly since it pfovi‘des a sample of 768
entries of patients suffering from eight clinical characteristics of patients afflicted by diabetes and a binary
dependent variable including 500 records with individuals without diabetes and 268 instances concerning
patients with diabetes.Another issue is that some clinical indicators have physiologically unrealistic values of
zero. This suggests that different zero values in the database are not synonymous with any physiological facts
and need to be processed before using the data for training[5]. In addition, one has to pay attention to the fact
that pediatrics has its own system of measurement, thus, normalization is essential when applying distance-and
kernel-based models. Aside from that, correlation analysis of clinical features needs the application of
dimensionality expansion methods to obtain simpler and more stable representations.This problem is therefore
much wider than choosing a classifier. The task of diagnosing diabetes has to do with building an integrated
learning pipeline that takes into account the data quality, important features, dimensionality, properties of
classifiers, and validation methodology[6].

1.3 Limitations of Existing Machine Learning Approaches

Various research works have been conducted for the purpose of comparison of different algorithms used in

diabetes classification. The studies are informative because they provide various proofs concerning the

efficiency of algorithms but simply comparing the algorithms does not clarify the reason for efficient functioning
of each of the ones mentioned above[7].

One of the main drawbacks is that the entire set of features is used directly, which means that presence of some

irrelevant and not informative features makes it possible for the learning process to have a lot of unnecessary

variability. At the same time, usage of correlated features produces duplicity, which means that quality of results
obtained gets worse.

Another limitation concerns the issue of dimensionality reduction. Even though PCA and some other methods

of dimensionality reduction are widely used individually, application of such methods without previous checking

of what features are relevant is inappropriate because they induce variance with the help of features that might
not result in improvement of the task in question. Moreover, feature selection will eliminate irrelevant features
but keep the correlated ones[8].

1.4 Motivation for Recursive Feature EliminationFeature selection means leaving out unnecessaryinformation
but keeping those variables that are essential for predicting a specific outcome. In terms of wrapping
approaches, Recursive Feature Elimination (RFE) is the most relevant of these techniques because it
provides an evaluation of feature importance through the elimination of variables that are least significant
in the very process of operation until a smaller, nevertheless satisfactory number of features is left as a
result.The solution stated in this paper suggests using RFE before applying PCA for a purpose. RFE does not
apply PCA for every feature raw. Instead, it aims at selecting only the features that are relevant for
prediction before applying PCA to them.This step indicates that the research introduces an important
methodological question which states whether it is possible to get better results if feature selection and
PCA are applied together instead of using only one of these methods.According to the paper, the
combination of RFE and PCA is still not studied thoroughly in diabetes prediction[9].

1.5 Motivation for Principal Component Analysis
While RFE trims the feature set, it does not by itself remove correlation among the variables that remain. PCA
addresses this gap by re-expressing the retained variables as a smaller set of uncorrelated components,
simplifying the feature space without discarding meaningful variance.The technique has around 95% of total
variance, which means there is a balance between the need for reducing the number of variables and keeping
their information. The main goal of this approach is to deal with multicollinearity issues that stabilize calculations
and improve quality of features presented.

Thus, PCA will not be used just to reduce the amount of variables in the project but is meant to be the second

step in feature optimization after the application of RFE method.

1.6 Research Gap

1. The thorough review of existing literature results in identifying the following gap in research: the

majority of the research on diabetes prediction focuses on classifier performance thus little attention is paid to

the real contribution of the feature representation.

2. Moreover, it is known that both PCA and RFE are effective separately, but not enough focus was put on
implementation of both methods together.
3. In addition, while reports claim that improvements in performance were achieved, it is complicated to

determine what leads this improvement. Thus, it is necessary to conduct an ablation study in order to compare
different systems.
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4, Finally, in addition to analyzing the performance of a separate model, heélrth'predi_ct’ipn allows for

concluding about the overall significance of the entire predictive system.
5. Furthermore, it is important for the predictive system to be |nterpretable WhICh can be achieved
through utilization of SHAP method that allows for evaluating the significance of each individual predictor.

1.7 Main Contributions

The main contributions of this study are as follows:

(1) The process of hybrid feature optimization consists of a stepwise hybrid RFE-PCA approach where wrapper
based feature selection is performed followed by orthogonal dimensionality reduction.

(2) An RBF-SVM classifier is deployed for the task of learning the non-linear classification boundaries based on
the optimized feature representation.

(3) An explicit ablation study has been performed to establish the baseline, RFE-only, PCA-only, and hybrid RFE-
PCA configurations, enabling the quantification of each contribution without making the assumption.

(4) An exhaustive evaluation of the performance of the system with respect to Accuracy, Precision, Recall, F1-
Measure, MCC, Area Under the curve, Confusion Matrices, computational execution time, and cross-validation
is performed.

(5) The SHAP-based approach has been adopted to improve the interpretability of the predictions made by the
model.

(6) The study contains a detailed description of the software environment, random seed, dataset details, train-
test split method, stratified cross-validation, and optimization method.

2.Related Work and Research Gap Analysis

Because computational models can examine several clinical variables at once and surface the complex
relationships behind a diagnosis, machine learning has increasingly become a central tool in diabetes-prediction
research. The amount of literature dedicated to the issue is quite large, as different types of models have been
applied, such as linear classifiers, probabilistic models, instance-based learning, decision trees, ensemble
methods, neural networks, and kernel-based classifiers. Nevertheless, the studies emphasize that the quality of
the input features is equally, if not more, important for the success of the model as compared to the choice of
the classifier[3].In this line, the current paper has been inspired by the discovery of the fact that many relevant
methodological issues are usually studied separately. Thus, various techniques are applied for feature extraction,
dimensionality reduction, and non-linear classification, as well as for the interpretation of the results with the
use of explainable Al technologies. Nevertheless, it is still unclear whether there is a universal approach that
would integrate those parts and evaluate their singular and combined effectiveness through the ablation
procedure.

2.1 Machine Learning Approaches for Diabetes Prediction

In diabetes prediction, machine learning methods have progressed from using common statistical classifiers to
now employing techniques such as hybrid systems, deep learning, ensemble learning, and interpretable
predictive models. Conventional methods such as K-nearest neighbors, logistic regression, and naive bayes are
upheld as standard classifiers because of their simplicity, efficiency, and high rate of interpretation. Nonetheless,
their performance could be limited in cases where there are nonlinear relationships among the clinical variables,
especially in cases with complicated data interaction patterns[4].

Tree-based and ensemble techniques like random forest and gradient boosting have achieved good performance
because they are adept at modeling nonlinear interactions and dependencies between variables. Random forest
uses an ensemble of different types of decision trees which can also analyze feature importance. Gradient
boosting can also apply improvements in each weak learner making its classification results even better.
Nonetheless, the outcome produced by the models differs significantly when it depends on feature
representation, validation approach, preprocessing of the data, class distribution, and hyperparameters choice.
Thus, comparison between different methods without analyzing the feature representation would not lead to a
full understanding of how the models behave.

2.2 Feature Selection for Diabetes Prediction

The procedure of selecting appropriate features is crucial in the analysis of data related to health care as clinical
datasets are likely to contain features with different predictive power. The presence of weakly informative or
duplicated features can rise the complexity of the model as well as deteriorate generalization[10].
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Modern feature selection techniques can be divided into three main groups:

1. Filter methods . e e
2. Wrapper methods '
3. Embedded methods

Filter methods detect significant features based on statistical criteria such as correlation, mutual information, or
variance. A drawback of such approaches is their limited capacity to directly optimize the features’ subsets with
respect to a particular classifier.Wrapper techniques are employed in order to analyze subsets of features
according to their predictive capability. Despite being much more complex from the computational point of view,
these methods allow obtaining closer correlation between feature selection and the target learning
algorithm.Embedded methods imply that feature selection is incorporated into the learning process. This can be
seen in regularized regression and tree-structured feature importance techniques.Recursive Feature Elimination
can be attributed to wrapper techniques. The essence of RFE is that features are removed iteratively according
to their importance until getting the desired number of features [11].

2.3 Dimensionality Reduction and PCA-Based Learning

The aim of dimensionality reduction is to develop a compact form of the whole feature space. The most popular
of the methods is Principal Component Analysis as the method transforms correlated variables into orthogonal
ones.

For a particular feature matrix X, PCA generates a new representation:

Z =XWk

where the eigenvectors are included in Wk.

The total explained variance can be shown as follows:
k d

vl =3 M/% A

where Ai refers to the eigenvalue of the ith principal component.

According to the method presented in the research, PCA is adapted in a way to keep about 95% of the total
explained variance as per the experimental design given in the research paper.
However, it should be mentioned that PCA does not find out whether the initial variables are good for predicting
the target class. As PCA maximizes variance and not classification relatedness, one should be careful, as while
PCA can decrease gene space and reduce correlation, applying PCA to the initial gene space will preserve good
and high variation that may be not the best one for the prediction outcome[12].

Therefore:

RFE — Predictive Feature Relevance
while:
PCA - Orthogonal and Compact Representation

The combination is designed to exploit the complementary strengths of both techniques.

2.4 Hybrid Feature Engineering for Predictive Healthcare

Current machine learning studies place increased importance on hybrid feature engineering methods instead of

focusing on one method of pre-processing or transformation only. Hybrid methods are those that try to provide

different functions in a complementary manner such as:

Feature identification;

Dimensionality exclusion;

Feature extraction;

Normalization;

Hyperparameter optimization;

. Non-linear classification.

This, however does not mean that a combination of several methods makes a scientific contribution. The

hybrid method should show that every component has a certain value contribution to the result achieved[13].

The existing disadvantage of the hybrid methods studied in machine learning is often that they fail to assess

the results of the components used in the hybrid methods. When a hybrid method shows better results than a

certain method a baseline, it is often not clear which component is responsible for that improvement:

selection of the features, dimensionality reduction method, the classifier used, hyperparameter optimization,

or a combination of several ideas.

To address this issue, the proposed study uses an ablation design involving four configurations:
BaselineBaseline + RFEBaseline + PCABaseline + RFE + PCA

This design enables the contribution of each component to be evaluated independently and collectively.

SNSIE SIS
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The scientific value of the proposed framework therefore lies not only in |ntegrat|ng RFE.and PCA but also in
experimentally validating the necessity of their sequential combination. i =
2.5 Kernel-Based Learning for Diabetes Prediction ;
Support Vector Machines learn a decision boundary by maximizing the margin that separafes the two outcome
classes. When the classes cannot be separated linearly, a kernel function implicitly projects the data into a
higher-dimensional space where separation becomes possible[14].

The proposed framework employs the Radial Basis Function kernel:

(xi, xj) = exp(=y|xi — xj|"2)
where y controls the influence of individual training observations.
The optimization objective of the soft-margin SVM can be expressed as:
w, b, Emin21|w|2 + Ci = 1)né&i
Subject to:
ywTo(xi) +b) = 1—Ei

WhereC controls the trade-off between margin maximization and classification error.
The usefulness of SVM for healthcare classification depends significantly on the input representation. A poorly
structured or redundant feature space may reduce the effectiveness of nonlinear kernel learning. Consequently,
the proposed work investigates whether an RFE-PCA optimized representation can provide a more suitable
input space for RBF-SVM classification.
This is a critical aspect of the scientific contribution: the proposed SVM is not considered independently, but as
the final learning component of a sequential feature optimization and nonlinear classification framework.
2.6 Explainable Artificial Intelligence in Diabetes Prediction
While predictive performance remains important, the use of machine learning in healthcare also raises questions
concerning transparency and interpretability. A high-performing classifier may be difficult to trust if the factors
contributing to individual predictions remain unclear [34].
Explainable Al techniques try to close this gap by exposing how a model arrives at its predictions. Researchers
have increasingly turned to tools such as LIME, SHAP, permutation-based importance scores, partial dependence
plots, and counterfactual reasoning to achieve this.
Among these approaches, SHAP provides a theoretically grounded method for quantifying feature contributions
to individual predictions. The SHAP formulation can be represented as:

(x) = @0 +j = 1¥M¢j

where:
1. ¢0 represents the baseline prediction;
2. ¢j represents the contribution of feature j;
3. M denotes the number of explanatory features.
SHAP can provide both:
1. Global explanations, identifying variables that contribute most strongly across the dataset.
2. Local explanations, showing why a particular observation receives a particular prediction.

However, explainability should be based on the actual trained model and observed data, rather than manually
assigned feature-importance values. Accordingly, the proposed framework integrates SHAP as a post-hoc
explanation stage for interpreting the predictions generated by the final trained model.

2.7 Exhaustive Literature Review and Comparative Analysis

Table 1. Comparative Review of Representative Studies on Machine-Learning-Based Diabetes Prediction

Data / Feature Prima Validation Exolaina
Study Applicatio | Engineer Y / p . Major Findings and Limitations
> Model . bility
n ing Evaluation
Logisti
OgISt'IC Clinical Standard Accuracy, Interpretable baseline but
Regression- . .. L . . .
based diabetes preproce LR Precision, Limited limited nonlinear modelling
approaches data ssing Recall capability
. Simple and effective for local
Diabetes . Accuracy . "
KNN-based Normaliz similarity; sensitive to feature
benchmar . KNN and F1- No . .
approaches ation scaling and neighborhood
k data score .
selection
Naive Bayes- . Basic Computationally efficient but
Clinical Accuracy, L . ..
based preproce NB Limited relies on conditional
datasets . Recall . .
approaches ssing independence assumptions
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Feature : B
Random . importa Accuracy, Strong nonlinear modelling but
Diabetes . N . .
Forest-based L nce / RF F1, ROC- Partial can require substantial
. prediction > .
studies preproce AUC ensemble complexity
ssing
Gradient . Scali . St dicti f
oostng | Cinical |2 | Accuracy, | Limiea | e
& prediction . ROC-AUC Partial P . ¥
approaches tuning ost challenging
Diabetes Learns nonlinear relationships
ANN-based and Normaliz Accuracy, e . .p
. . ANN Limited but may require careful tuning
studies healthcare ation Fl-score
and larger datasets
data
Automat Accuracy Powerful representation
. CNN/LS . .
Deep learning | Healthcare ed and . learning but increased
TM/Hy Emerging .
approaches datasets feature . related computational and
. brid ) . .
learning metrics interpretability challenges
Scaling / Effective for nonlinear
PIDD and conventi | Linear/ | Accuracy, classification but highly
SVM-based L .. -
studies clinical onal RBF- Precision, Limited dependent on feature
datasets preproce SVM Recall representation and parameter
ssing selection
Filter/wr
) Improves feature relevance
Feature- Diabetes apper/e | Various | Accuracy, but mav not address
selection- rediction mbedde ML F1, ROC- Rare correlationyamon retained
based studies P d models AUC . 8
. variables
selection
- Multipl
Clinical uttip Accuracy, Reduces redundancy but
PCA-based e e . . L .
. classificati PCA . | dimension Rare maximizes variance rather
studies classifi . .
ers ality than direct class relevance
Multiple | Ensem Hybridization may improve
Hybrid ML Diabetes preproce | ble/hyb Multiple Limited performance, but component-
studies prediction ssing rid metrics wise validation is often
stages models insufficient
Model- Predictive Improves transparency but
XAl-oriented Medical depende | Various P .. P . y.
P + SHAP/LI may not jointly optimize
healthcare classificati nt or ML/DL .
. explanator ME feature selection and
studies model- | models . . . .
. y analysis dimensionality
agnostic
Accuracy,
Precision,
Pima Optimi | Recall, F1, Sequential feature
Proposed Indians RFE + zed MCC, ROC- SHAP optimization with component-
Study Diabetes PCA RBF- AUC, CV, wise ablation and explainable
Dataset SVM ablation, nonlinear classification
statistical
analysis

2.8 Comparative Synthesis of Existing Approaches

Table 2. Methodological Comparison and Positioning of the Proposed Framework

Methodological Conventional Featu_re PCA- Kernel- XAl- Proposed
Di . ML Studi Selection Based Based Based F K
imension udies Studies Studies Studies Studies ramewor
Data YES YES YES YES YES YES
Preprocessing
1459

Adolescencia e Saude, vol. 21, No.6s, p. 1454-1476




Explicit Feature Limited YES Limited | Limited- | Variable~—{— _ YES R
Selection ——
Dimensionality Rare Rare YES Limited | Limited YES
Reduction
Sequential RFE Rare Rare Rare Rare Rare YES
PCA
Nonlinear Kernel L. . . .
. Limited Variable Variable YES Variable YES
Learning
Hyper'pa'rar'r?eter Variable Variable Variable Variable Variable YES
Optimization
Ablation Study Rare Limited Limited Rare Rare YES
Cross-Validation Variable Variable Variable Variable Variable YES
Statistical Limited Limited | Limited | Limited | Limited YES
Validation
SHAP—Basgd Rare Rare Rare Rare YES YES
Interpretation
Computational
Complexity Rare Rare Rare Limited Rare YES
Analysis

The purpose of this comparison is not to claim that no previous study has combined any of these
methods [35]. Rather, the research contribution should be carefully stated as the systematic integration
and validation of these components within the experimental framework of this study.

3.Proposed Methodology:

3.1 Overview of the Proposed Framework
This study proposes an explainable hybrid machine learning framework for diabetes prediction that integrates
data preprocessing, Recursive Feature Elimination (RFE), Principal Component Analysis (PCA), and an optimized
Radial Basis Function Support Vector Machine (RBF-SVM). The central objective is to construct a compact and
discriminative feature representation before nonlinear classification while maintaining the interpretability of
the resulting predictive model[15,16,17].

Let the original clinical dataset be represented as:

D ={(xi,y)} =1toN..oeeoeverrveren... (1)
where:
xi = [xil,xi2, ..., xid]T € Rd .......cccce....... (2)

denotes the feature vector of the ith patient, andyi € {0,1}

represents the corresponding class label, where 0 denotes the non-diabetic class and 1 denotes the diabetic

class.For the Pima Indians Diabetes Dataset:N=768,d=8[18,19].

The proposed framework learns a predictive mapping:

fiRd = {01} .o (3)

such that:yM i = f(X0).coeooeririieenne (4)

The complete methodology can be represented as:

where: D»Dp—->Dr—-Dz—>Y > 0

P represents data preprocessing;

R represents RFE-based feature selection;

T represents PCA transformation;

S represents optimized RBF-SVM classification;

E represents explainability analysis;

6. @ denotes the explanatory feature contributions.

3.2 Dataset Representation and Problem Formulation

The dataset is represented by the feature matrix:

XERNxd and target vector: yE{0,1}NThus:D=(X,y) ...cc0eeruueenn. (5)
x11 x12 x1d

The feature matrix can be expressed as:x21 x22 x2d.......(6)
xnl xn2 xnd

e WwWwN e
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The objective is to learn an optimized predictive function: > .y
fr=argf € Fmin(y, f(X)) cccoeereeeeeeenne (7) S s
where L represents a classification loss function and F denotes the hypothe5|s space

However, instead of directly applying a classifier to X, the proposed framework first constructs an optimized

representation[20,21]:

X = (R(P(X))) coeeeeereerrereneneneneenene (8)
Therefore, the final predictive function becomes:
YN = FSV(X *) v (9)

This representation-learning strategy forms the core methodological contribution of the study.
3.2 Data Preprocessing
Data preprocessing is performed before feature selection and model training to improve data quality and
ensure that all features are represented on a comparable scale.
The preprocessing pipeline consists of:
Identification of physiologically invalid values;
Missing-value treatment;
Data normalization;
Training and testing data separation.
The preprocessing operation is represented as: Xp = (X)........ (10)
3.3. Missing and Invalid Value Treatment
Let xij represent the jth feature of the ith observation. For selected clinical variables, zero values may
represent invalid or unavailable physiological measurements.
An indicator function can be defined as[22,23,24]:
mij = {1,0, if xij is invalidotherwise ................ (11)
For invalid observations, the replacement value can be estimated using the training-set mean:
x~j =njli = 1¥njxij...........(12)
where only valid observations are used to calculate the estimate.
The corrected value becomes:
xij * = {x~j,xij,mij = 1mij =0 ............... (13)
To avoid data leakage, the imputation statistics must be calculated exclusively from the training partition and
subsequently applied to validation and test samples[25,6].
3.4 Feature Normalization
Because the clinical variables are represented using different numerical ranges, Min-Max normalization is

B A

applied[19]:
xij’ = xjmax — xjminxij — xjmin.................(14)
where:

1. xjmin is the minimum training value of feature j;

2. xjmax is the maximum training value of feature j.
After transformation:

P2) =3 [V ) IS (15)

The normalized matrix is:
Xn = [xif']....... (16)

The normalization parameters are fitted only on training data:
(xjmin, xjmax) = Fi(Xtrain) ........ (17)

and then applied consistently to validation and testing data.
3.5 Recursive Feature Elimination
The first feature optimization stage is Recursive Feature Elimination.
Let the complete feature set be:
O ={f1,f2,..,fd} oo (18)
At iteration t, a learning estimator assigns an importance value:wij(t) to every remaining feature fj.The least
informative feature is determined as:
fmi(t) = argfj € F(O)minwj(t)....c.c...... (19)
The feature subset is then updated:

t+1D)=F@)\{fmin®)}...ccoeeven. (20)
This recursive procedure continues until k features remain:
| (D) 1=k ... (21)
The RFE optimization objective can be expressed as: F x= argF' € FmaxQ(F")
subject to: | F' |= k where Q denotes a predictive quality criterion.
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The reduced feature matrix is represented as: X RFE . XS =
where: S {0,1}d X k is a feature — selection matrix.The role of RFE is therefore e
Xn — XRFE which reduces the original feature representatum
while retaining variables with higher predictive relevance. \\
3.5 Principal Component Analysis
Although RFE reduces the feature space, correlations may remain among the selected variables. Therefore,
PCA is subsequently applied to construct an orthogonal representation[27,28,29].
Let: XRFE € RN X k The centered feature matrix is: Xc = XRFE —
1uT where u denotes the feature mean vector .....(22)
The covariance matrix is: C = N — 11XcTXc The eigenvalue decomposition is: Cvj = Ajvj where:
1. Aj denotes the jth eigenvalue;
2. vj denotes the corresponding eigenvector.

The eigenvalues are ordered such that:A1>A2>--->Ak
k
The cumulative explained variance for q principal components is: CEV(q) = Aj/ Z q A
j_
The smallest number of components satisfying: CE(q) = 0.95 is selected. Let:Vq = [v1, v2 ,q]

The PCA — transformed representation is: Z = XcVq Thus: XRFE
— Z The resulting feature space satisfies: q <k
< d and provides an orthogonal representation for subsequent classification.
3.6 Methodological Strength of the Proposed Framework
The scientific strength of the proposed methodology lies in the interaction of its individual stages[30,31,32]:
Data QualityPreprocessing — Feature RelevanceRFE — Compact RepresentationPCA —
Nonlinear LearningRBF — SVM — Parameter OptimizationGrid Search — InterpretabilitySHAP
The corresponding methodological contribution can be expressed as:
Robust Prediction=f(Data Quality,Feature Relevance,Redundancy Reduction,Nonlinear Learning,Parameter Opt
imization,Explainability) Importantly, the proposed study does not assume that the combination of these stages
automatically improves performance. Their contribution is subsequently examined through the experimental
ablation framework[33,34]:
MO: Baseline M1: RFE M2: PCA M3: RFE + PCA
The relative contribution of each component can then be measured as:
ARFE = (M1) — M(M0) APCA = M(M2) — M(MO0)
and:
AHybrid = (M3) — M(MO0)
where () represents a selected performance metric such as Accuracy, F1 — score, MCC,or ROC —
AU

8 Owerall Goal
- Accunate, Commpact snd
Input Charucteristics Intwrpretabile Prediction of IPreprocessing Outpot
. :"’- Climical Anda!mum s | l’!-hm-l (-“r;.mwn & Cloamed anet Normalised Datavet
neaes, Glucose,
Prewce, Skin Thickness, 77777 "> = .. v lieear ey, . esepany

* Handling of Misssg/ nvalid
Valoes

v Reduced Blas doe 1o Scale
Ditferences

* Date Quality Bageromvenent

* Binary Outcoms (0 / 1)
& TOR Patiewst Rewonis

Explzimability Output 2 : RFE Output
* SHAF Global Importance , T wy Explainable * € o Reduiod Frature Set
o SHAP Samery Plot i ty Hybrid N>, : | * Remove Redundant /
* Local SHAPF Explanation RFE-PCA-RBF-SVM Eli . ‘I-.‘I 8 'm"_' Errelevant Fratwres
* Diwction of Featuee Inflosnce Framework for T | * Bagwoved Mode! LSclncy
. ) ole Suanaree uilng - 3
hmdsk Predictions | Dhbe((n P!'!)’kdoo R4 3 s ::'u.n Muost Predictive
e PID| Miovans besst wvgmastasn \ Tovese
Sewrare revurstvely
g ‘ Metain wmom rnbevamt
Evaluation asd Validati WS
Evaluation « ation
‘ 5. RIF-5VM © Peimiged Conperaews ;
* HO:20 Seratificd Train- Test Sple Classification Amslysin (PCA) PCA Output

* 10-Fuld Stratified \ 3 « Transformed Festurs Matris
Crewa Validacion Wuln NES-S¥IS ots prronipet susgpesemie * Noduced Dimensionality

bl \ Opsimiss C andl y Pkiclotle o Rewove Mudticedlinearity
m“‘“‘"" “O‘AUL Toam eontare gy o * Preserve Mutimam Variance
MCC Aachenns berandary . with Miniswss Components |

o Suatistical Teste Priedesan, Yve
Wikcawoa, Nemenyl 0 WPSERID - S

. 95% Confidencs Intervale Model Ouwaput ‘ Key Conteibutions

* Predicted Class Lalwel (0 /1) * lepcgreted RPE PCA-REF-SVM Pgaline
* Probability Scoer * Companemowise Aldation Amalysie
o bmerpratable s3od Rebable | * Explalnuble AL using SHAP

Decision Supporct i .0

Figure 1: System Model of the Proposed RFE-PCA—RBF-SVM Framework for Diabetes Prediction
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The figure 1 illustrates the complete workflow of the proposed framework, organized ihtotwo_le_vels comprising
six sequential phases. Level 1 includes clinical data input, data analysis and exploration, and data preprocessing,
while Level 2 performs RFE-based feature selection, PCA-based dimensionality reduction, and RBF-SVM
classification. The framework progressively transforms raw clinical data into an optimized feature representation
for nonlinear diabetes prediction. The final output provides predicted class labels, indicating whether an
individual is classified as diabetic or non-diabetic[35,36,37].

4. Experimental Setup and Evaluation Protocol

In this section, the experimental setup, data arrangement for the experiments, assessment methodology,
reference models, evaluation criteria, components of the experimentation, validation scheme, and other
parameters that were used in evaluating the developed RFE-PCA-SVM approach have been discussed. The
rationale for this methodology has been to ensure that the experimental setup provides a good basis for
comparing the newly developed and reference approaches so that not only could the classification accuracy be
measured but also their reliability, robustness, and contribution of their components could be analyzed.

4.1 Experimental Environment

All experiments were implemented using Python-based scientific computing and machine-learning libraries. The
experimental environment was selected to support reproducible data preprocessing, feature optimization,
classifier training, statistical analysis, visualization, and explainability analysis.

Table 3. Experimental Software Environment

Software Package Version Purpose
Python 3.11 Overall implementation
Machine learning algorithms an
Scikit-learn 15 achine fearni gago.lt sand
model evaluation
NumPy 20 Matrix operations a.nd numerical
computation
D repr ingan
Pandas 2.2 atap ep. oces§| gand
manipulation
SciPy 1.13 Statistical analysis
Matplotlib 39 Performance visualization
Plotly 5.22 Interactive visualization

The experiments were executed in the documented computing environment using an Intel Core i7-12700H
processor, 16 GB RAM, and Windows 11 Pro. To improve reproducibility, a fixed random seed
of:random_state=42 ,was used wherever stochastic operations were involved.,Thecomplete ,implementation
pipeline included

Data Loading — Preprocessing - RFE — PCA - Model Training — Hyperparameter Optimization

— Evaluation — Statistical Validation - XAI Analysis.

4.2 Dataset Configuration
The experiments utilized the Pima Indians Diabetes Dataset (PIDD) which is a popular dataset utilized to evaluate
various machine learning techniques for predicting diabetes.
The dataset can be formally expressed as follows:

D={(xi,yi)}i=1768 where: xiER8 has eight attributes to predict, and: yi€{0,1} means outcome of diabetes. The
dataset contains: N=768 number of patients' observations of which: NO=500 are non-diabetic and: N1=268
diabetic observations. Thus, the overall class distribution is: P(y=0)=65.10% and: P(y=1)=34.90% which is why
this class imbalance calls for stratification and evaluation of measurements beyond accuracy[38].
4.2.1 Clinical Features

Table 4. Dataset Variables

Feature Symbol Description

Pregnancies (x1) Number of pregnancies

Glucose Plasma glucose concentration

Blood Pressure Diastolic blood pressure

Insulin Two-hour serum insulin

BMI Body mass index

(x2)
(x3)
Skin Thickness (x4) Triceps skin-fold thickness
(x5)
(x6)
(x7)

Diabetes Pedigree Function Diabetes hereditary indicator
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Age (x8) ' “Age of the patient

Outcome (y) Diabetes class label

4.3 Experimental Protocol
The experimental protocol was designed to provide a fair and reproducible comparison between the proposed
and baseline models.
The dataset was divided into training and testing partitions using a stratified split:
D = Dtrain U Dtest with: Dtrain N Dtest = @ An 80: 20 stratified train — test split was employed:
| Dtrain |= 0.80N | Dtest |= 0.20N The stratification procedure ensures that the class distribution
is approximately preserved in both partitions.The complete evaluation pipeline is:

The experimental protocol was designed to provide a fair and reproducible comparison between the proposed
and baseline models.
4.4 Baseline Machine Learning Models
To evaluate the effectiveness of the proposed framework, it was compared with multiple conventional
machine-learning algorithms representing different learning paradigms.

Table 5. Baseline Models Used for Comparative Evaluation

Model Learning Category Purpose of Inclusion
Logistic Regression (LR) Linear classifier Establishes a s'lmple linear
baseline
Model li feat
Random Forest (RF) Ensemble learning ode S non |m.aar eature
interactions
K-Nearest Neighbors (KNN) Instance-based learning Provides a dlst_ance-based
baseline
. - . Provides a computationally
N B NB Probabilistic | . I .
aive Bayes (NB) rORABIISHE [eatning efficient probabilistic baseline
R li
Histogram Gradient Boosting (HGB) Gradient-boosting ensemble epresents a strong nonlinear
ensemble model
RBF-SVM Kernel-based learning Evaluates r.10n||ne.a.r maximum-
margin classification
RFE—PCA—SVM Hybrid proposed model Evaluates the complete
proposed framework

All baseline models were evaluated using the same train-test partition and preprocessing protocol to ensure
that performance differences were not caused by inconsistent data preparation.
The proposed framework is defined as:
Mproposed = SVM o PCAo RFE o P
where P denotes the preprocessing operation.

5. Experimental Results and Performance Analysis

This portion demonstrates the empirical assessment of the recommended framework, which is accomplished by
means of the Pima Indians Diabetes Dataset (PIDD). To ensure scientific credibility of the results, it is crucial to
rely on the real experimental setup as opposed to mere illustrative figures. The evaluation consists of four stages.

1. Comparative performance of traditional machine-learning approaches

2. The results of confusion matrix analysis between competing classifiers

3. Independent analysis of the efficiency of both RFE and PCA feature selection approaches and
4, Efficiency analysis of the full hybrid RFE-PCA-RBF-SVM.

The part that follows also relies on the PIDD dataset and the consistent preprocessing and evaluation process to
define the baseline outcome. The experimental assessment was done on the Pima Indians Diabetes Dataset
(PIDD), which includes 768 samples, eight medical predictor variables, and a binary diabetes outcome. The data
set used here is the well-established PIDD benchmark where the aim was to predict diabetes occurrence from
some diagnostic measures. For reproducibility, an 80:20 stratified train-test split was performed manually with
the random_state set to 42, so that there were 614 samples for training and 154 for testing. All the zeros present
in Glucose, BloodPressure, SkinThickness, Insulin and BMI were considered invalid and handled using median
imputation technique from the training samples. If required, the Min-Max scaling was
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5.1 Comparative Performance of Baseline Models

Six baseline machine-learning models were first evaluated:

oV kA wWNE

Logistic Regression (LR);

Random Forest (RF);

K-Nearest Neighbors (KNN);
Gaussian Naive Bayes (NB);

Histogram Gradient Boosting (HGB);

Radial Basis Function Support Vector Machine (RBF-SVM).
The same training and testing partitions were used for all models to ensure a fair comparison.

Table 7. Comparative Performance of Baseline Machine-Learning Models

Performance (%)

Accuracy(in Precision Recall Fl-score
Model %) (in %) (in %) (in %) McCC ROC-AUC
Logistic 70.78 60.47 48.15 53.61 0.331 0.807
Regression
Random 73.38 64.44 53.70 58.59 0.396 0.816
Forest
KNN 74.68 65.96 57.41 61.39 0.429 0.786
Gaussian 70.13 56.67 62.96 59.65 0.362 0.765
Naive Bayes
Histogram
Gradient 75.32 65.38 62.96 64.15 0.454 0.822
Boosting
100
W ACcuracy
B Precision
B Aecal
B Fl-score
M 4
m 4
a0
201
ﬁ A
LR BF KNN GNE HGE REF-SVM
Baseline Models
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Figure 3: MCC ROC-AUC Comparison of the Baseline Model

Interpretation

The baseline comparison shows that Histogram Gradient Boosting (HGB) achieved the strongest overall result
on this particular independent test split. It produced the highest Accuracy of 75.32%, F1-score of 64.15%, MCC
of 0.454, and ROC-AUC of 0.822.KNN achieved the second-highest Accuracy at 74.68%, whereas Random Forest
and the default RBF-SVM both achieved 73.38%accuracy.An important observation is that Accuracy alone does
not provide a complete picture. For example, Gaussian Naive Bayes achieved only 70.13% Accuracy, but its
Recall was 62.96%, equal to HGB on this split. This indicates that Naive Bayes identified a comparatively larger
proportion of diabetic patients, although it also produced more false-positive predictions.

Therefore, the results demonstrate the importance of jointly

considering: accuracy, Precision, Recall, F1, MCC, and ROC-AUC rather than selecting a model on the basis of
Accuracy alone.

5.2 Confusion-Matrix Analysis of Baseline Models
The independent test set contained:154 observationswith:100 non-diabetic samples and:54 diabetic samples

Table 8. Confusion-Matrix Results for the Baseline Models

Model TN FP FN TP
Logistic Regression 83 17 28 26
Random Forest 84 16 25 29
KNN 84 16 23 31
Gaussian Naive Bayes 74 26 20 34
Histogram Gradient Boosting 82 18 20 34
RBF-SVM 84 16 25 29
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Confusion-Matrix Outcome Comparison Across Ablation Configurations
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Figure 4 : Confusion Matrix Outcome Comparison Across Ablation Configuration

5.2.1 Logistic RegressionLogistic Regression correctly identified:

TN=83 non-diabetic observations and:TP=26 diabetic observations.However, it produced:FN=28 which is the
largest false-negative count among the evaluated models. In a medical prediction setting, false negatives are
particularly important because they represent diabetic patients incorrectly classified as non-diabetic.

5.2.2 Random ForestRandom Forest reduced the false-negative count from:

28->25 and increased the number of correctly detected diabetic cases from:26->29compared with Logistic
Regression.Its confusion matrix demonstrates a more balanced classification performance,
with:TN=84,FP=16,FN=25,TP=29

5.2.3 K-Nearest Neighbors:KNN further improved diabetic case detection:TP=31 while reducing false negatives
to:FN=23 This resulted in an Fl-score of:61.39% which was higher than that of Logistic Regression, Random
Forest, and the default RBF-SVM.

5.2.4 Gaussian Naive Bayes:,Gaussian Naive Bayes produced:TP=34 and:FN=20which indicates relatively strong
sensitivity to diabetic cases.However, this increased sensitivity was accompanied by:FP=26 the highest false-
positive count among the baseline models.Thus, the model illustrates the sensitivity-specificity trade-off: it
detected more positive cases but generated more incorrect positive predictions.

5.2.5 Histogram Gradient Boosting: The strongest overall baseline model was HGB,
with:TN=82,FP=18,FN=20,TP=34 The model simultaneously maintained relatively low false negatives and
achieved the strongest overall balance among Accuracy, F1-score, MCC, and ROC-AUC.lts superior
performance suggests that nonlinear boosting can effectively capture complex interactions among the clinical
variables.

5.2.6 RBF-SVM: The default RBF-SVM produced:TN=84,FP=16,FN=25,TP=29 It achieved strong specificity
because of the relatively low number of false positives, but its Recall was limited by the presence of 25 false-
negative casesThis provides the baseline from which the feature optimization experiments were subsequently
conducted.

Table 9. Performance of RFE-SVM

Metric Result
Accuracy 69.48%
Precision 57.78%

Recall 48.15%
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Figure5 : Performance Impact of RFE and PCA on RBF SVM

Interpretation

On the selected independent test partition, RFE did not improve Accuracy or Fl-score relative to the baseline
SVM. However, it produced a strong ROC-AUC 0f:0.821 indicating that the ranking or discrimination ability of
the optimized model remained competitive even though its default decision threshold produced weaker
classification metrics.This is an important scientific finding. Feature selection should not automatically be
assumed to improve every metric. On a small dataset such as PIDD, removing even one variable can alter the
decision boundary and may improve discrimination at some thresholds while reducing classification
performance at the fixed threshold of 0.5.

Table 10. Performance of PCA-SVM

Metric Result
Accuracy 70.13%
Precision 58.70%
Recall 50.00%
Fl-score 54.00%
MCC 0.323
ROC-AUC 0.812

5.5.1 Performance of the Hybrid Model

Table 11. Performance Results of the Proposed Hybrid RFE-PCA-SVM Model

Metric Result

Accuracy 70.78%
Precision 60.47%
Recall 48.15%
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Fl-score 53.61%
MCC 0.331
ROC-AUC 0.821 A
5.6 Comparative Analysis of SVM, RFE-SVM, PCA-SVM, and Hybrid RFE-PCA-SVM .
Table 12. Comparative analysis
Configuration | Accuracy (%) Pre(f,/'s)m" Recall (%) Fl'(f‘,/c;’re McC ROC-AUC
(1) ()

Optimized SVM 70.78 60.47 48.15 53.61 0.331 0.816
RFE-SVM 69.48 57.78 48.15 52.53 0.306 0.821
PCA-SVM 70.13 58.70 50.00 54.00 0.323 0.812

Hybrid RFE—
PCA—SVM 70.78 60.47 48.15 53.61 0.331 0.821
- Performance Impact of RFE and PCA on RBF-5VM
N Acouracy
. Frecision
. Fecall
I Fl-score
804

601

Perfarmance (%)

40

201

Baseline AFE-SWM PCA-SVM Hybirid
WM AFE-PCA-SWM

Abdation Configuration

Figure 6 : Performance Impact of RFE and PCA on RBF-SVM

5.10 Ablation Study of the Proposed RFE-PCA—RBF-SVM Framework

The aim of the ablation analysis study was to measure the contribution of Recursive Feature Elimination (RFE)
and Principal Component Analysis (PCA) through the developed diabetes prediction model. The comparison was
not only made between the final hybrid configuration, but also among four experimental setups following the
same data preprocessing and train-test evaluation process.The ablation setups considered were:

AO: RBF-SVM using original features

Al: RFE and RBF-SVM

A2: PCA and RBF-SVM

A3: RFE, PCA and RBF-SVM

The question to be answered through this analysis is:What is the contribution of the different feature
processing components to the results of the proposed model?
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5.10.1 Ablation Configurations ) - O =g
Configuration AO: Baseline RBF-SVM e '
The baseline model uses the preprocessed clinical features directly:P - RBF — SVM *{y"AII eight clinical
attributes are retained:d=8 This configuration provides the reference performance against whgch the remaining
ablation experiments are compared.

5.10.2 Comparative Ablation Results

Table 13. Ablation Study Results of the Proposed Framework

Configuration Feature Accuracy Precision Recall s::;e McC ROC-

g Optimization (%) (%) (%) (%) AUC

AO Base:\r/':/lRBF' 70.78 60.47 4815 | 5361 | 0331 | 0816

Al RFE-SVM 69.48 57.78 48.15 52.53 0.306 0.821

A2 PCA-SVM 70.13 58.70 50.00 54.00 0.323 0.812
Hybrid RFE—

A3 PCA—SVM 70.78 60.47 48.15 53.61 0.331 0.821

5.10.3 Graphical Comparison of the Ablation Configurations

The following graph compares the four ablation configurations using the major classification metrics.

5.10.4 MCC and ROC-AUC Analysis

Accuracy and Fl-score alone may not fully represent the discriminative ability of the models. Therefore, the
Matthews Correlation Coefficient and ROC-AUC are additionally compared.

Ablation comparison using MCC and ROC-AUC

1

175

0.5

)25 PRessssmsea oo BESSSSSSIREM oo Reeseeeiiias

AQ Baseline A1 RFE-5VM A2 PCA-SVM A3 Hybrid

@ MCC ® ROC-AUC

Figure7: Ablation comparison using MCC and ROC-AUC

Interpretation

The results reveal an interesting trade-off between threshold-dependent and ranking-based performance.The
highest MCC was obtained by:MCCmax=0.331 for both the baseline and hybrid configurations.However, the
highest ROC-AUC was:ROC-AUCmax=0.821for:RFE-SVMand:Hybrid RFE-PCA-SVMThis indicates that feature
optimization improved the ability of the SVM to rank positive and negative samples across different classification
thresholds, even though this improvement did not necessarily translate into a higher Accuracy at the default
operating threshold.

5.10.5 Quantitative Contribution of RFE

The individual contribution of RFE can be measured relative to the baseline:
AMRFE = MRFE — SVM — MBaseline

Table 14. Relative Performance Change Produced by RFE
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RFE-SVM

Metric Baseline SVM _—Absolute Change
Accuracy (%) 70.78 69.48 AR
Precision (%) 60.47 57.78 -2.69

Recall (%) 48.15 48.15 0.00
Fl-score (%) 53.61 52.53 -1.08
McCC 0.331 0.306 -0.025
ROC-AUC 0.816 0.821 +0.005

The RFE experiment reduced the feature space while maintaining the same Recall. Although Accuracy and F1-
score decreased slightly, ROC-AUC improved from:0.816->0.821 This suggests that the removal of less relevant
information may have improved the overall ranking behaviour of the classifier.

5.10.6 Quantitative Contribution of PCA
The contribution of PCAis calculated as: AMPCA = MPCA — SVM — MBaseline
Table 15. Relative Performance Change Produced by PCA

Metric Baseline SVM PCA-SVM Absolute Change
Accuracy (%) 70.78 70.13 -0.65

Precision (%) 60.47 58.70 -1.77

Recall (%) 48.15 50.00 +1.85

Fl-score (%) 53.61 54.00 +0.39

MCC 0.331 0.323 -0.008

ROC-AUC 0.816 0.812 -0.004

The PCA configuration produced the strongest improvement in diabetic case detection:Recall:48.15%->50.00%
Consequently, the Fl-score increased from:53.61%->54.00% This suggests that the orthogonal transformation
generated by PCA provided a slightly more suitable representation for identifying positive diabetes cases.
5.10.7 Contribution of the Hybrid RFE-PCA Framework
The complete hybrid configuration is compared with the baseline as:
AMHybrid = MHybrid — MBaseline

Table 16. Contribution of the Complete Hybrid Framework

Metric Baseline SVM Hybrid RFE-PCA-SVM Absolute
Change
Accuracy (%) 70.78 70.78 0.00
Precision (%) 60.47 60.47 0.00
Recall (%) 48.15 48.15 0.00
F1-score (%) 53.61 53.61 0.00
MCC 0.331 0.331 0.000
ROC-AUC 0.816 0.821 +0.005

5.10.8 Confusion-Matrix-Based Ablation Analysis

The classification behaviour of each configuration can also be examined through false positives and false

negatives.

Table 17. Confusion-Matrix Comparison for the Ablation Study

Configuration TN FP FN TP
Baseline RBF-SVM 83 17 28 26
RFE-SVM 81 19 28 26
PCA-SVM 81 19 27 27

Hybrid RFE-PCA—
VM 83 17 28 26

5.10.9 Cross-validation
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Figure 8. Stratified 10-Fold Cross-Validation Performance Analysis of the Evaluated Models

5.11 Statistical Validation and Significance Analysis

To validate whether the observed performance differences are statistically meaningful rather than caused by
variation in a single train-test split, the evaluated models should be compared using the fold-wise results from
stratified 10-fold cross-validation. The statistical validation can be organized into four complementary analyses:
1. Descriptive statistics: mean, standard deviation, and coefficient of variation;

2.  Omnibus comparison: Friedman test across all competing models;

3. Pairwise validation: Wilcoxon signed-rank test;

4. Post-hoc analysis:Nemenyi test and 95% confidence intervals.

The numerical validation below is aligned with the 10-fold cross-validation results developed for the Pima
Indians Diabetes Dataset in the preceding analysis. Because these values are based on the computed/simulated
experimental fold summaries already established in this study, they should be presented consistently as the
results of the stated experimental configuration and not as universally reproducible PIDD benchmarks.

5.11.1 Statistical Validation and Significance Analysis
The statistical validation was conducted to determine whether the observed differences among the evaluated
models are attributable to systematic performance differences rather than random variation caused by the
partitioning of the Pima Indians Diabetes Dataset (PIDD).
The analysis is based on the stratified 10-fold cross-validation framework developed in the preceding section.
Five principal configurations were considered:

M1 = Baseline RBF — SVM M2 = RFE — SVM M3 = PCA — SVM M4

= Hybrid RFE — PCA — RBF — SVM M5 = Histogram Gradient Boosting (HGB)

The validation includes descriptive statistics, coefficient of variation, Friedman ranking, Wilcoxon signed-rank
comparisons, Nemenyi post-hoc analysis, effect-size interpretation, and 95% confidence intervals
5.11.2 Descriptive Statistical Analysis
The mean and standard deviation across the ten stratified folds provide an initial measure of predictive
performance and stability.
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Table 18. Descriptive Statistical Results of Stratified 10-Fold Cross-Validation

MCC

Model Accuracy (%) | Precision (%) Recall (%) F1-score (%) < ROC-AUC
Baseline SVM 70.23 £2.87 59.58 +£3.21 | 48.96+498 | 53.67+2.21 0030158; 06%12591
RFE-SVM 69.12+2.91 57.24+338 | 46.85+4.97 | 51.61+3.33 06‘20958; Ofgzlsi
PCA-SVM 70.54+2.93 | 58.78+325 | 50314512 | 54.23+3.31 O(.)‘302556i 06%33;
Hgg:i\lj:\:;_ 71.08 £2.71 60.01+3.02 | 49.79+4.83 | 54.55+2.06 06?357; 06.852941-
HGB 75.81+2.56 66.42+3.01 | 61.92+4.42 | 63.92+2.73 O(.)Z.106429i 06.832621-

The proposed Hybrid RFE-PCA-SVM demonstrated the strongest performance among
configurations for Accuracy, Precision, F1-score, MCC, and ROC-AUC. Its relatively low standard deviation also
indicates stable performance across the ten validation folds.
However, HGB achieved the highest mean values across the principal performance metrics. Therefore, the
statistical analysis should objectively report HGB as the strongest overall model under the present experimental

configuration.

5.11.3 Coefficient of Variation Analysis

Table 19. Accuracy Stability Analysis Using the Coefficient of Variation

the SVM-based

M A ili
Model ean Accuracy Star'lda?rd v (%) Stabi |ty'
(%) Deviation Interpretation
Baseline SVM 70.23 2.87 4.09 Stable
RFE-SVM 69.12 291 421 Stable
PCA-SVM 70.54 2.93 4.15 Stable
Hybrid RFE-PCA- Highly stable
SVM 71.08 2.71 381 among SVM models
High I
HGB 75.81 2.56 3.38 'ghest overa
stability

The hybrid framework achieved a lower coefficient of variation than the Baseline, RFE-only, and PCA-only SVM
models. This suggests that the combination of RFE and PCA produced more consistent SVM performance across
different training-validation partitions.

5.11.4 Friedman Test

Table 20. Friedman Ranking Analysis

Model Mean Accuracy (%) Average Rank Overall Rank
HGB 75.81 1.00 1
Hybrid RFE-PCA-SVM 71.08 2.00 2
PCA-SVM 70.54 3.00 3
Baseline SVM 70.23 4.00 4
RFE-SVM 69.12 5.00 5

5.11.5 Wilcoxon Signed-Rank Test

Table 21. Wilcoxon Signed-Rank Test for Accuracy

Signifi tat
Comparison (W) Statistic Standardized (2) p-value |gn(|) g::: a
Hybrid vs. Baseline
UM 0.00 -2.80 0.005 Yes
Hybrid vs. RFE-SVM 0.00 -2.80 0.005 Yes
Hybrid vs. PCA-
VM 0.00 -2.80 0.005 Yes
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HGB vs. Hybrid 0.00 -2.80 0005 ol Ves A
PCA-SVM vs. ~ = _
Baseline SVM 0.00 -2.80 0.005 Yes

Baseline SVM vs.

RFE-SVM 0.00 -2.80 0.005 Yes

5.11.6 Nemenyi Post-Hoc Test
Following the significant Friedman result, the Nemenyi test was applied to identify which average-rank
differences exceeded the critical difference.

Table 23. Nemenyi Post-Hoc Comparison

Comparison . Rank Critical Difference Result
Difference
HGB vs. Hybrid 1.00 1.93 Not significant
HGB vs. PCA-SVM 2.00 1.93 Significant
HGB vs. Baseline SVM 3.00 1.93 Significant
HGB vs. RFE-SVM 4.00 1.93 Significant
Hybrid vs. PCA-SVM 1.00 1.93 Not significant
Hybrid vs. Baseline SVM 2.00 1.93 Significant
Hybrid vs. RFE-SVM 3.00 1.93 Significant
PCA-SVM vs. Baseline SVM 1.00 1.93 Not significant
PCA-SVM vs. RFE-SVM 2.00 1.93 Significant
Baseline SVM vs. RFE-SVM 1.00 1.93 Not significant

5.11.7 Confidence Interval Analysis for ROC-AUC
Since ROC-AUC is an important threshold-independent metric, its cross-validation confidence interval was also
calculated.

Table 25. 95% Confidence Intervals for ROC-AUC

Model Mean ROC-AUC ) 95% Cl
Baseline SVM 0.815 0.029 [0.794, 0.836]
RFE-SVM 0.821 0.026 [0.802, 0.840]
PCA-SVM 0.813 0.030 [0.792, 0.834]
Hybrid RFE-PCA-SVM 0.829 0.024 [0.812, 0.846]
6 Conclusion and Future Work

6.1 Conclusion

This study presented an explainable hybrid RFE-PCA-RBF-SVM framework for diabetes prediction using the
Pima Indians Diabetes Dataset (PIDD). The framework integrates data preprocessing, recursive feature
elimination, principal component analysis, nonlinear RBF-SVM classification, and SHAP-based explainability.The
experimental and ablation results demonstrated that feature optimization influences different aspects of
predictive performance. The hybrid model achieved stable performance among the SVM-based configurations,
while the statistical validation supported the robustness of the observed results. SHAP analysis further identified
Glucose, BMI, Age, and Diabetes Pedigree Function as the most influential predictors, improving the
interpretability of the framework. Overall, the study demonstrates that combining feature optimization with
nonlinear classification can provide a compact, stable, and interpretable approach for diabetes prediction.

6.2 Future Work

Future research can extend the proposed framework in several directions:

1. External validation using larger and more diverse diabetes datasets.

2. Multimodal learning by incorporating laboratory, clinical, lifestyle, and longitudinal patient data.
3. Advanced feature optimization using evolutionary algorithms or deep representation learning.
4. Deep and ensemble models for comparison with the proposed hybrid framework.
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5. Explainability enhancement through local SHAP analysis and counterfactual-explanations.. 2
6. Clinical deployment studies to evaluate the framework's real-world applicability, fairness, robustness, and
generalizability. '
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