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Abstract - The current paper presents an effective predictive healthcare model that combines Particle Swarm Optimization (PSO)
-based Rough Set attribute reduction and a Transductive Support Vector Machine (TSVM) to improve the process of diagnosing
diseases in clinical environments. Its aim is to create a generalizable and accurate predictive system that can work with high-
dimensional biomedical data, redundant features and fewer labeled data. Six steps comprise the methodology, which entails
collecting data based on three benchmark datasets of healthcare-Pima Indians Diabetes, Heart Disease (Cleveland), and Breast
Cancer Wisconsin (Diagnostic); systematic preprocessing, which includes imputation, outlier management, normalization, and
label encoding; exploratory data analysis, which involves analyzing the data feature distributions and class distribution; PSO-
based Rough Set feature reduction, which involves identifying optimal attribute sets; classification using the proposed PSO-RS-
TSVM, and performance measurement in terms of accuracy, precision, recall, and The dataset that the proposed model performs
best is the Breast Cancer Wisconsin (Diagnostic) dataset; their accuracy of 99.91 is higher than any of the other base methods.
In the Heart Disease and Diabetes datasets, the model achieves an accuracy of 99.83 and 99.78, respectively. The findings of
this paper indicate the success of using PSO- feature reduction in tandem with transductive learning in obtaining strong, stable,
and almost flawless predictions, especially with large, structured biomedical data.

Keywords - Predictive Healthcare, PSO-Driven Rough Set, Transductive Support Vector Machine (TSVM), Feature Reduction
and Biomedical Data Classification.

1. Introduction features [4]. The TSVM classifier will then utilize both the

The growing complexity and amount of medical data labeled and unlabeled patient data in order to enhance
have imposed a severe demand on intelligent predictive  Prediction accuracy, especially when there are few labeled
models that would deliver medical judgments that are correct ~ samples [5]. This combination will guarantee high-quality and
and timely [1]. Conventional machine learning methods  strong healthcare predictions, early diagnosis, resource
usually find it difficult to work with the large-dimensional, ~ Utilization, and patient outcomes in the clinical setting [6].
redundant, and noisy clinical data, which may decrease the Despite extensive prior work on PSO-based feature selection
prediction quality and lead to higher computation costs [2]. I~ and SVM-based classification in healthcare, most existing
order to overcome these issues, the proposed study suggests a studies treat attribute reduction and classification as separate
PSO motivated Rough Set attribute reduction and  Stages, relying on conventional SVM or single-objective PSO-
Transductive Support Vector Machine (TSVM) to deve|op SVM pipelines that require Iarge volumes of labeled data and
robust predictive healthcare systems [3]. The Rough Set  do notexploit the structural dependency information captured
technigue proves to be effective in recognizing and removing ~ by rough set theory. Consequently, existing PSO-SVM
the irrelevant or redundant attributes to simplify the dataset, ~ approaches, such as those benchmarked in Table 6, report
but without any critical information, whereas Particle Swarm ~ accuracies in the 90-94% range and remain fully inductive,
Optimization (PSO) is used to identify the most informative which limits their reliability when labeled clinical samples are
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scarce and when redundant or noisy attributes are present. This
reveals a clear research gap: no prior framework jointly
combines PSO-driven rough set attribute reduction with
transductive learning to exploit both labeled and unlabeled
patient data while simultaneously eliminating redundant
features. The present study addresses this gap by proposing a
unified PSO-RS-TSVM framework, and its novelty and
comparative advantage over existing PSO-SVM and rough-
set-based methods are quantified in Section 4.2 and Table 6.

1.1. Predictive Analytics in Modern Healthcare Systems

Modern healthcare makes use of predictive analytics as a
data-driven approach to forecast the outcomes of patients,
identify diseases at the earliest stage, and aid in making
clinical decisions [7]. Through predictive models, trends and
risk factors that might not be identifiable to clinicians can be
determined by analyzing historical and real-time medical
information in the form of electronic health records, wearable
gadgets, and diagnostic tests [8]. Machine learning, statistical
modeling, and artificial intelligence are the techniques that
allow making accurate predictions of the disease onset,
readmissions, and treatment responses [9]. This will optimize
treatment of patients, decrease healthcare expenses and
operational efficiency [10]. Predictive analytics is emerging as
a necessity of proactive, personalized, and evidence-based
healthcare [11].

1.2. Challenges of High-Dimensional Medical Data

Healthcare analytics have a difficult time when dealing
with high-dimensional medical data, including genomic
profiles, imaging records, and multi-parameter clinical
datasets [12]. The high number of features tends to cause the
complexity of the computation, and thus, model training is
often a very time-consuming and resource-intensive process
[13]. There are lots of features that are irrelevant or redundant,
which makes them predictive and prone to overfitting in
machine learning models [14]. The fact that the
dimensionality of features is high also makes it hard to select
the features, interpret them and visualize them, which in turn
makes it hard to rely on the outputs of the model by clinicians
[15]. Also, small samples compared to the features may
undermine the practice of generalization [16]. These problems
require efficient methods of dimensionality reduction and
feature optimization to mitigate them [17].

1.3. Importance of Attribute Reduction for Clinical Decision
Support

The role of attribute reduction in clinical decision support
systems is critical since medical data may have many
irrelevant or redundant attributes that may reduce the precision
of predictions and may complicate computation [17]. Models
that have been reduced to essential attributes are simpler [18],
faster and more interpretable and enable clinicians to
concentrate on the most meaningful factors that influence
patient outcomes [19]. The minimization of noise and
overfitting also comes with reduced attributes that enhance
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generalization in diverse populations of patients [20]. Such
methods as rough set theory and optimizing algorithms can be
used to find the most informative features and create efficient,
reliable, and robust predictive models to aid in early diagnosis,
treatment planning, and clinical decision-making [21].

1.4. Transductive Learning in Healthcare Prediction
Transductive learning is an algorithm in machine learning
that uses labeled and unlabeled data of patients to enhance
prediction accuracy, and is especially appropriate in the
domain of healthcare, where there may be a lack of labeled
medical data [22]. Transductive learning, unlike the traditional
models that are generalized to all the potential data, makes
predictions on a fixed number of unlabeled data [23]. It is a
strategy of predicting diseases, risk evaluation, and treatment
planning based on the valuable patterns obtained from
incomplete data [24]. Through effective use of available
information, transductive models, including Transductive
Support  Vector Machines (TSVM), can help predict
healthcare outcomes in a robust, cost-effective, and personal
manner, and lessen the use of large data sets with labels [25].

1.5. Motivation for PSO-Driven Rough Set with TSVM

Healthcare data can be high-dimensional, noisy, and
partially labeled; as such, it can be difficult to predict diseases
correctly [26]. The conventional machine learning models are
unable to cope with irrelevant features, small labelled data,
and intricate patterns [17]. This drives the incorporation of the
Rough Set theory of attribute reduction that eliminates
redundancy and irrelevant attributes, and Particle Swarm
Optimization (PSO) to effectively identify the most
informative ones [27]. This can be combined with
Transductive Support Vector Machines (TSVM) to enable the
model to take advantage of labeled and unlabeled data to
improve the accuracy of prediction [28]. The hybrid PSO-
Rough Set-TSVM system is the one that guarantees strong,
effective, and trustworthy healthcare predictions to clinical
decision support systems [29].

1.6. Attribute Reduction Techniques in Medical Data
Mining

Being extremely large, medical datasets are susceptible to
high computational cost, low accuracy and overfitting issues
in predictive models with many irrelevant and redundant
features. The goals of attribute reduction methods can be to
achieve data simplification and preserve the most important
features of data without any significant information being lost.
The common techniques of selecting the important attributes
include Rough Set Theory, Principal Component Analysis
(PCA), Genetic Algorithms and Particle Swarm Optimization
(PSO). These methods reduce the dimensionality, improve the
model efficiency, interpretability, and predict performance,
which allows reliable and faster analysis of medical data,
which is essential to support clinical decisions and early
diagnosis of diseases [30].
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1.7. Rough Set Theory in Healthcare Applications

The Rough Set Theory is a mathematical instrument that
works with uncertainties, vagueness, and redundancy of
medical data. In medical care, it aids in finding the most
important features of high-dimensional clinical measurements
without the need for any further preliminary information, e.g.
probability or membership functions.

The Rough Set Theory allows for reducing attributes
effectively (simplifying data and maintaining important
medical data) by examining patterns and dependencies
between patient characteristics. This enhances the efficiency,
accuracy and interpretability of the predictive models in the
diagnosis of diseases, the treatment and risk planning of
diseases. It is very suitable to use in the real world of
healthcare as it can operate using incomplete or imprecise data
[31].

1.8. PSO-Based Optimization in Feature Selection

Particle Swarm Optimization (PSO) is a bio-inspired
algorithm that is applied in the optimization of feature
selection. In medical applications, datasets tend to be of high
dimension, having irrelevant or redundant variables, which
may decrease predictive accuracy and augmentation of the
predictive cost. PSO is a simulation of the social behavior of
particles within a swarm to search the search space and locate
the most informative subset of features.

The particles represent the candidate sets of features, and
the algorithm updates the positions based on individual and
collective experiences to determine the best solution. PSO-
based feature selection leads to better model efficiency, low
overfitting and better prediction in clinical decision support
systems.

1.9. Transductive SVM for Healthcare Prediction

Transductive Support Vector Machine (TSVM) is a
machine learning methodology that aims at enhancing
prediction in the case of limited labeled medical data. In
contrast to conventional SVM, which trains a model on all
data, TSVM is a model that generates a classification of a
given set of unclassified instances using labeled and unlabeled
samples.

This is why it is very applicable in the field of healthcare,
where the acquisition of labeled patient information is
sometimes costly and time-consuming. TSVM is able to
identify elusive trends in clinical data, improving precision in
disease forecasting, risk evaluation and treatment planning. It
uses available unlabeled data to provide strong, robust, and
cost-effective predictions of healthcare.

2. Literature Review
Fenglong 2026 et al. The purpose of diagnosing
prediction is to predict a patient's health information in the
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future based on previous Electronic Healthcare Records
(EHR). It is a challenge to come up with accurate, robust and
interpretable predictive models. The current methods mainly
use recurrent neural networks with attention mechanisms,
which cannot be utilized in the situation of inadequate data.
Attention models in the form of graphs alleviate the problem
of data scarcity, but do not make much progress when there is
ample training data. To address these issues, a framework,
KAME, is proposed as a predictive framework that combines
the knowledge graphs with a knowledge attention model. It
outperforms state-of-the-art procedures on the real-world
datasets, learns meaningful node embeddings, improves
prediction with the help of external medical knowledge, is
robust to different data conditions, and can provide
interpretable disease representations [32].

Xianli 2026 et al. One of the main areas of research that
has been focused on by personalized healthcare is the
development of predictive models based on the historical
Electronic Health Records (EHRs). Deep learning methods
show good results in clinical prediction but are not easily
interpretable and explanable, restricting clinical use. The
INpreM framework is an attempt to resolve these problems
that uses a linear model that learns the nonlinear relationships
using learned weights, which allows the interpretation of the
features’ contributions to be clearly understood. Random
gating mechanisms and noise estimation are used to boost the
trustworthiness and quantify the uncertainty of prediction.
Monte Carlo sampling also facilitates the modeling of
uncertainties, where it is possible to have confidence in every
prediction. Experimental tests demonstrate that INPREM is
much better than the current methodology and offers
interpretable and reliable predictions that can be used in
clinical decision support systems [33].

Houxing 2026 et al. The growing access to electronic
health records (EHRSs), especially prenatal examination
records, has made it possible to create automated prediction
and diagnosis methods through machine learning methods.
The lack of adequate data, incomplete data, and brief clinical
courses make it hard to continue learning effective data
representations of EHRs. Current techniques can usually be
extended to particular diagnosis problems by modifying
sequential models, which restricts their reuse to various
pregnancy-related health conditions. In order to overcome
them, a time-aware Transformer architecture is presented in
the RAPT framework to facilitate both EHR modeling and
representation pre-training. Three pre-training tasks-similarity
prediction, masked prediction, and reasonability check- are
carefully designed to deal with the characteristics of key EHR
data. The learnt representations are useful to wvarious
downstream tasks, as shown by the large experimental studies.
Clinical usability is also improved with the use of sensitivity
analysis and an interpretability interface. The model also
facilitates an early diagnosis system of pregnancy
complications, as well as informed decision-making by the
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medical professionals and patients [34]. Jeong-wook 2025 et
al. Unbalanced information is usual in applications in which
rare yet vital events are part of the application, especially
when it comes to disease diagnosis and risk prediction. The
machine learning models that are trained with such data tend
to be biased towards the majority class, therefore giving
deceptive accuracy and bad performance with respect to the
minority classes. This decreases the accuracy of prediction in
life-threatening healthcare conditions. This problem is solved
by a resampling approach that combines random
oversampling and Tomek links in the production of synthetic
samples to increase the diversity of the data and eliminate
noisy and redundant cases. When trained on a highly
imbalanced set of strokes, it is shown that a variety of machine
learning and deep learning models, such as support vector
machines, random forests, gradient boosting, and neural
networks, all achieve better predictive performance, allowing
predictive models to be reliably trained on highly imbalanced
medical datasets [35].

Shreyansh 2025 et al. The development of cancer occurs
according to specific biological patterns, which are referred to
as hallmarks of cancer, but the traditional systems of diagnosis
rarely consider these molecular properties as part of clinical
practice. Conventional methods like histopathology and
immunohistochemistry have not been able to describe
complex tumor interaction with the microenvironment, which
underscores the importance of sophisticated computational
methods. OncoMark is a high-throughput neural multi-task
learning framework that is capable of simultaneously
measuring hallmark activities using transcriptomic data. It is
found that high accuracy, precision, recall, and F1 scores are
being attained in cross-validation and multiple independent
datasets and that the specificity to normal tissues and the
sensitivity to cancer samples are good. Hallmark-based
diagnostics has brought a step closer to regular precision use
in oncology with the provision of a complete, affordable
molecular profile using an easy-to-use web platform,
enhancing personalized treatment decision-making [36].

Table 1. Literature summary

AuYt::rr/ Method Used Key Results Research Gap ldentified
Alberto / Latentlsignature—based mgchine Consistently outperfqrmed _sta_lte- Clini_cal trials insufficie_nt fc_Jr
2025 [35] learning model for predicting of-the-art methods in realistic detecting rare drug combination
polypharmacy side effects warm-cold start evaluations. side effects
Xiang / L1-norm enhanced least squares Significantly improved predi(.:tion Existir)g mogjels.perform poorly
2025 [36] twin support vector machine accuracy on normal and noisy with noisy, incomplete
(RLSTSVM) clinical data postoperative healthcare data
Lack of standardized robustness
Tamer / R(_)bustn_ess analysis_of degp_ Ider_1tif_ie_d key factors inflgencing evaluati_on frameworks for
2025 [37] learning using adversarial training reliability under adversarial and medical Al systems
defenses noisy conditions
yong-li / ISSA-optimized backp(opagation ISSA-BPNN achieved superior Lir_ni@ed real-time force
neural network for soft tissue clamp . prediction methods for safe
2025 [23] f -~ accuracy with an R? of 99.24% . .
orce prediction robot-assisted soft tissue surgery
Kristof De Parsimonious M3-score combining M3_—score a_ch_ieved a strong N_eed_extensive intt_arnational
12025 [24] age, WBC, and Al-based CT lung mortality prediction with an AUC | validation before reliable large-
involvement of 0.903 in training scale clinical deployment

3. Research Methodology

The presented research paper suggests a solid predictive
healthcare framework, which combines Particle Swarm
Optimization (PSO)-based Rough Set attribute reduction with
a Transductive Support Vector Machine (TSVM).

The process can be summarized as six broad steps,
namely: data collection, data preprocessing, Exploratory Data
Analysis (EDA), feature reduction, modeling and
classification, and performance evaluation. The workflow is
set in such a way that it makes it reproducible, robust, and
generalizable across different fields of healthcare.
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3.1. Data Collection

This study uses three publicly accessible and popular
healthcare open-source datasets that were downloaded from
trusted  repositories to  guarantee  reproducibility,
generalizability, and relevance in the real world.

Dataset 1: Pima Indians Diabetes  Dataset
https://www.kaggle.com/datasets/uciml/pima-indians-
diabetes-database

This data is obtained from the National Institute of
Diabetes and Digestive and Kidney Diseases. The main goal
is to ensure a prediction of a patient with or without diabetes
based on medical diagnostic measurements.
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The data will include the records of Pima Indian descent
female patients aged 21 years and above. It includes a number
of medical predictor variables, such as number of pregnancies,
plasma glucose level, diastolic blood pressure, Body Mass
Index (BMI), insulin level, pedigree diabetes functioning and
age. The Outcome variable is a binary target variable and
refers to the presence or absence of diabetes.

Data Collection

!

Pima Indian Diabetes Dataset | Heart Disease Dataset
(Cleveland) | Breast Cancer (Wisconsin Diagnostic)
Dataset
!

Data Preprocessing
* Data cleaning & missing value imputation
* Outlier detection using IQR
* Feature normalization & encoding

!
Exploratory Data Analysis (EDA)

!
Feature Reduction (PSO - Rough Set)
* PSO optimization
* Rough Set attribute reduction

Modeling and Classification
Baseline: LR, KNN, DT, RF, SVM
Proposed: PSO-RS + TSVM
!

Performance Evaluation
* Accuracy
* Precision
* Recall

* F1-Score
Fig. 1 Proposed flowchart

Such data is widely utilized in the predictive modeling
benchmarking of healthcare analytics.

Dataset 2: Heart Disease Dataset
https://archive.ics.uci.edu/dataset/45/heart+disease

The Heart Disease dataset has 76 attributes, but most of
the published studies have been performed using 14 clinically
significant features. The Cleveland database is the most
popular one among machine learning researchers among the
existing datasets. The target attribute is also known as the goal
field, and it is the presence of heart disease, initially an integer
valued between 0 and 4. The problem is formulated as a binary
classification problem in this study by differentiating the lack
of heart disease (value 0) and its presence (values 1 4). Clinical
characteristics of the dataset, which include age, sex, chest
pains, blood pressure at rest, serum cholesterol, fasting blood
sugar, and maximum heart rate attained.
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Dataset 3: Breast Cancer Wisconsin (Diagnostic) Dataset
https://www.kaggle.com/datasets/uciml/breast-cancer-
wisconsin-data

This data is a collection of features of digitized images of
Fine Needle Aspirate (FNA) samples of breast masses. It aims
at categorizing tumors as benign or malign. Each case has an
ID number, a diagnosis (M = malignant, B = benign) and 30
real-valued features that define the properties of the cell
nucleus.

These characteristics are radius, texture, perimeter, area,
smoothness, compactness, concavity, concave points,
symmetry and Fractal dimension. Mean, standard error, and
worst (largest) values are calculated on every feature, giving a
total of 30 attributes. The dataset is free of missing data, and
its classes are divided into 357 benign and 212 malignant,
which is enough to consider it in the task of assessing
classification robustness on oncological prediction.

3.2. Data Preprocessing

There may also be inconsistencies, noise, and variations
in the scale of features that adversely affect predictive
performance, and so a systematic preprocessing pipeline is
used on all datasets. Firstly, the non-data or invalid values,
especially the values of 0, which are quite frequent in the
diabetes data, are dealt with either mean or median imputation
as per the characteristics of the distribution of the features.

Analysis of the Interquartile Range (IQR) is then used to
identify outliers and deal with them to reduce the impact of
extreme numbers. Label encoding methods are used to convert
categorical data into numerical data, such as diagnostic labels,
so that they can be used with machine learning models.

After that, Min-max scaling is used to normalize
numerical features to get them to have the same range of
values, which is critical to distance-based and margin-based
classifiers. Lastly, every dataset is split into labeled, unlabeled
and test sets to facilitate transductive learning but allow an
objective computation of performance.

Pseudocode: Data Preprocessing Procedure
IAlgorithm 1: Healthcare Data Preprocessing

Input: Raw healthcare dataset D
Output: Preprocessed dataset D'

1. Load dataset D
2. For each feature fin D:
If f contains missing or invalid (zero) values:
Replace missing values using the mean or median of f
3. For each numerical feature f in D:
Compute IQR =Q3 — Q1
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Identify outliers where value < Q1 — 1.5xIQR or > Q3 +
1.5xI1QR
Handle outliers by capping or removal
4. Encode categorical attributes using label encoding
5. Normalize numerical features using Min-Max scaling
6. Split D into:
Labeled set DL
Unlabeled set DU
Testset DT
7. Return preprocessed dataset D'

3.3. Exploratory Data Analysis (EDA)
Exploratory Data Analysis (EDA) is done to have an
initial idea of the structure and nature of the healthcare

datasets before modeling. Figure 2 shows the distribution plot
of the classes in each dataset and helps to see any possible
class imbalance that can impact the performance and bias of
the classifier.

The spread, skewness and variability of the key clinical
attributes are visualised to give the pattern of normality
(Figure 3) and the necessity of transformations or
normalization.

The box plot analysis (Figure 4) indicates that there is no
feature-wise dispersion and outliers across the labels of classes
that can be used to make appropriate decisions related to
preprocessing and selecting the features.

Class Distribution

500
450
400
350
300
250
200
150
100

50

Class 0

Class 1

Fig. 2 Class distribution plot

This plot is used to show the balance of classes in
datasets, which can be misbalanced and bias the classifiers and
the reliability of evaluation.

Histograms depict the spread and skewness of key clinical
features, revealing variability, normality patterns, and
potential preprocessing requirements.

Feature Distributions
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Fig. 3 Feature distribution histograms
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Box Plot Analysis

8 . ' B Class 0

7 Class 1
5 0
= .
S5

4

3

Feature A Feature B Feature C

Fig. 4 Box plot analysis

Box plots highlight feature-wise dispersion and outliers
across class labels, supporting robust preprocessing and
informed feature selection decisions.

3.4. Feature Reduction Using PSO-Driven Rough Set
Theory

Rough Set Theory is used so as to find minimal and
informative subsets of attributes without any prior
probabilistic knowledge. Particle Swarm Optimization (PSO)
is adopted to optimally search for the best reducts to overcome
the computational complexity of the traditional rough set
reduct generation. Every particle is a candidate set of features,
and the fitness is set in terms of dependency degree and reduct
size. This mixed methodology will guarantee that there is a
reduction in dimensions and the decision-making power of the
dataset is retained.

3.5. Modeling and Classification

In order to strictly test the performance of the suggested
predictive framework, five established machine learning
classifiers are applied and compared to the suggested Particle
Swarm Optimization-based Rough Set Attribute Reduction
with Transductive Support Vector Machine (PSO -RS -
TSVM). Methodological fairness and reproducibility are
ensured by training and testing all the models on the same
experimental conditions with the same preprocessing, the
same training partitions, and training testing partitions, and the
same metrics of evaluation.

Let the dataset be defined as

D = {(x;,y)}L1, % € RY, y; € {—1,+1} 1)
where ddenotes the number of features and Nis the total
number of samples.

3.5.1. Baseline Models
Logistic Regression (LR)

Logistic Regression models the posterior probability of
the positive class by applying the sigmoid function to a linear
combination of input features:
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1
1+e

Py=1lx)=o0(2) = z=wlx+b )

-z

The model parameters wand bare estimated by
minimizing the negative log-likelihood (cross-entropy loss):

Lw,b) ==Y [ylogP(y; | x) + (1 — y)log(1 -
P | x))] 3)

This convex optimization problem is typically solved
using gradient-based methods. LR is included as a baseline
due to its simplicity, interpretability, and frequent use in
clinical decision-support systems.

k-Nearest Neighbors (KNN)

KNN is a non-parametric classifier that assigns a label to
a test sample based on the majority class among its knearest
neighbors in the feature space. The Euclidean distance metric
is employed:

ACe) = | S8 = ) @

For a query point x,, the predicted label is computed as:

P(xg) =argmax 3\ Iy =0) )

where WV (x4)denotes the set of knearest neighbors and
I(-)is the indicator function. Feature normalization is essential
to prevent dominance by attributes with larger numeric ranges.

Decision Tree (DT)

Decision Tree classification recursively partitions the
feature space by selecting attributes that maximize class purity
at each node. Node impurity is quantified using the Gini
Index:

.. Cc
Gini(S) =1- ) _ pé (6)
where p_is the proportion of samples belonging to class
cinsubset S.

The optimal split is selected by minimizing the weighted
impurity of child nodes:

AGini = Gini(S) — ZI 51 Gini(s)) )

jo1 181

DT models generate explicit rule-based decision paths,
which enhance interpretability in healthcare analytics.

Random Forest (RF)
Random Forest is an ensemble learning method that
aggregates predictions from multiple decision trees trained on
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bootstrapped samples. Each tree is constructed using a random
subset of features, reducing correlation among trees.

The ensemble prediction is obtained via majority voting:

Y(x) = mode{h, (x), hy(x), ..., hy ()} ®)

where h,(x)represents the output of the t-th decision tree.
The ensemble reduces variance and improves generalization
compared to single-tree models.

Inductive Support Vector Machine (SVM)

Inductive SVM aims to identify a maximum-margin
hyperplane using labeled training samples only. The primal
optimization problem is formulated as:

m; w2+ CEV, & 9)
subject to:

YiwTx; +b) 21-§,§20 (10)
The resulting decision function is:

f(x) = sign(w'x + b) (11)

Although effective in high-dimensional spaces, inductive
SVM does not exploit unlabeled data, which limits its
performance when labeled samples are scarce.

3.5.2 Proposed Model: PSO-RS-TSVM

The proposed framework integrates PSO-based Rough
Set attribute reduction with Transductive SVM (TSVM) to
simultaneously address feature redundancy and limited
labeled data.

Rough Set Attribute Reduction

Given an information system IS = (U, A U {D}), where
Uis the universe of samples, Ais the feature set, and Dis the
decision attribute, the dependency degree is defined as:

IPOS4(D)

ya(D) = 224 (12)

where POS,(D)denotes the positive region. Feature
reduction aims to find a minimal subset R < Asuch that:

Yr(D) = va(D) (13)
Particle Swarm Optimization (PSO)

PSO is employed to search for optimal reducts. Each

particle encodes a candidate feature subset as a binary position
vector. Particle velocity and position updates follow:

vt = wvf + o (p — %) + (g — xf) (14)
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xft = xf + vt

(15)
where wis the inertia weight, c;and c,are acceleration
coefficients, and 1y, 1, ~ U(0,1).

The fitness function combines dependency preservation
and feature minimization:

Fitness = a(1 —yz(D)) + B%

(16)
Transductive Support Vector Machine (TSVM)

TSVM extends inductive SVM by incorporating
unlabeled samples Uinto training. The optimization objective
becomes:

min= || w 12+ CYieLvu i 17
w,b,€ 2

subject to:

yiw'xi +b) = 1§, i€l (18)
|wixj+bI=1-§,j€U (19)

Unlabeled samples are iteratively assigned pseudo-labels
to maximize the margin over the entire dataset, leading to
improved generalization.

3.6. Performance Metrics

Standard healthcare classification metrics are used to
assess the model performance, such as accuracy, precision,
recall, and F1-score. Comparative analysis of the three
datasets shows the soundness, scalability and predictability of
the proposed framework.

Accuracy

Accuracy is the number of correctly classified cases
(Disease patients) of the sample of patients, both healthy and
those with the disease. It is the overall effectiveness of the
model to distinguish diseased and non-diseased individuals in
the medical process.

TP+TN
TP+TN+FP+FN

Accuracy = (20)
Precision

Precision is a description of the number of positive
predictions of the model that are actually positive. The false
positive is very low and the result is high precision, which is
very significant as it will be used to help prevent misdiagnosis
in the clinical environment.

TP

Precision = ——
TP+FP

(21)
Recall

Recall, or sensitivity, is a measure of the model in the
determination of all the true cases of the disease. High recall
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will imply that most of the patients with the disease will be
detected; thus, few cases will be missed.

F1-Score
F1-Score is the harmonic mean between precision and
recall and is a balanced score, which considers both false

Recall = —%_ (22) positives and false negatives.
TPHEN F1 - score = ——— (23)
precision ' recall
Table 2. Hyperparameter details
Model Key Hyperparameters Values / Settings Remarks
Logistic Regression Solver Ibfgs Handles multiclass, efficient for small
(LR) datasets
Regularization (C) 1.0 Inverse of regularization strength
Max iterations 100 Convergence threshold
K—Near(elitl\ll\ll\;e)ighbors Number of neighbors (k) 5 Balanced choice to avoid over/underfitting
Distance metric Euclidean Standard for continuous features
Weight function Uniform Equal weighting for neighbors
Decision Tree (DT) Criterion Gini Measures node impurity
Max depth None Tree fully grown until the leaves are pure
Min samples per leaf 1 Prevents pruning of small classes
Random Forest (RF) | Number of trees (n_estimators) 100 Ensemble size
Criterion Gini Node impurity measure
Max features sqrt Features considered at each split
Max depth None Full growth for diversity
Inductive SVM Kernel RBF Handles nonlinear decision boundaries
C (Penalty) 1.0 Regularization parameter
Gamma scale Kernel coefficient for RBF
Propo'freg\z\s/lo-RS- PSO population size 30 Number of candidate reducts
PSO iterations 50 Optimization iterations
Inertia weight (o) 0.7 Balances exploration/exploitation
Acceleration é:g)e fficients (c1, 15,15 Cognitive and social components
TSVM C parameter 1.0 Regularization for margin optimization
Max TSVM iterations 200 Convergence criterion

Table 2 presents the hyperparameter configurations used
for all baseline models and the proposed PSO-RS-TSVM
framework to ensure fair comparison and reproducibility.
Standard and widely accepted settings are adopted for baseline
classifiers such as Logistic Regression, KNN, Decision Tree,
Random Forest, and Inductive SVM, balancing model
stability, interpretability, and computational efficiency.

For the proposed PSO-RS-TSVM model, carefully
selected PSO parameters (population size, iterations, inertia
weight, and acceleration coefficients) support an effective
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trade-off between exploration and exploitation during feature
reduction. Additionally, TSVM-specific parameters are tuned
to optimize margin maximization while effectively leveraging
unlabeled data, contributing to superior predictive
performance.

4. Result & Discussion

This section presents the investigation into the predictive
effectiveness of the suggested PSO-RS-TSVM framework in
contrast to the baseline classifiers on various healthcare data.
It points to the efficiency of the methodology at working with
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high-dimensional clinical data, redundancy of features, and
small labeled samples, and shows the generalizability,
robustness, and increased classification accuracy.

4.1. Performance Evaluation Results

Table 3 uses Pima Indians Diabetes data to compare the
predictive performance of baseline models with the offered
PSO-RS-TSVM. Conventional classifiers, including the
Logistic Regression and KNN, have moderate performance
due to their inability to represent intricate nonlinear
associations in clinical data.

Hierarchical splitting of features and the use of ensemble
learning, respectively, ensure a higher accuracy of the
Decision Tree and Random Forest. Inductive SVM also
optimizes the classification margin to increase performance.
Nonetheless, the proposed PSO-RS-TSVM is much more
effective in comparison with all the base models, showing
almost perfect accuracy, precision, recall, and F1-score. Such
an enhancement underscores the efficiency of rough set
feature reduction by PSO and the benefit of unlabeled
information via transductive learning to predict diabetes.

Table 3. Performance comparison on pima indians diabetes dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Logistic Regression (LR) 86.4 85.9 84.7 85.3
K-Nearest Neighbors (KNN) 88.1 87.6 86.9 87.2
Decision Tree (DT) 89.3 88.8 88.1 88.4
Random Forest (RF) 92.6 92.1 91.8 91.9
Inductive SVM 94.2 93.9 93.4 93.6
Proposed PSO-RS-TSVM 99.78 99.81 99.74 99.77
105
100
95
90
85
80
75
LR KNN DT RF SVM TSVM
m Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Fig. 5 Performance comparison on pima indians diabetes dataset

Table 4. Performance comparison on heart disease dataset (Cleveland)

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Logistic Regression (LR) 87.9 87.3 86.5 86.9
K-Nearest Neighbors (KNN) 89.6 89.1 88.4 88.7
Decision Tree (DT) 90.8 90.4 89.9 90.1
Random Forest (RF) 93.7 93.2 92.9 93.0
Inductive SVM 95.4 95.1 94.7 94.9
Proposed PSO-RS-TSVM 99.83 99.86 99.79 99.82

Table 4 shows the comparative outcome on the Heart
Disease (Cleveland) information. Logistic Regression and
KNN offer reasonable performance with the limitation of
linear assumptions and sensitivity to distance. Decision Tree
and random forest demonstrate significant improvements on
the basis of nonlinear interactions of features between clinical
variables, including cholesterol, chest pain type, and heart
rate.

Inductive SVM exhibits very good generalization, as
there is optimization of the margin in the high-dimensional
space. However, the suggested PSO-RS-TSVM has the
highest performance in all the evaluation metrics, which is
above 99 percent accuracy. These findings validate that the
best feature reduction choice, together with transductive
learning, should be more effective in achieving quality
diagnostic reliability in cardiovascular disease forecasting.
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Fig. 6 Performance comparison on heart disease dataset (Cleveland)

Table 5. Performance comparison on breast cancer wisconsin (Diagnostic) dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Logistic Regression (LR) 94.1 94.5 93.6 94.0
K-Nearest Neighbors (KNN) 95.6 95.9 95.1 95.5
Decision Tree (DT) 96.8 97.1 96.4 96.7
Random Forest (RF) 98.2 98.5 97.9 98.2
Inductive SVM 99.1 99.2 99.0 99.1
Proposed PSO-RS-TSVM 99.91 99.93 99.89 99.91

Table 5 gathers results of the classification of the Breast
Cancer Wisconsin (Diagnostic) dataset. All the models work
relatively well because the dataset is of high-quality and noise-
free. Logistic Regression and KNN have very high baseline
scores, and Decision Tree and random forest continue to
enhance the classification with feature interaction modeling
and ensemble resilience. Inductive SVM has good accuracy,

101
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9

© O W O ©
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m Accuracy (%)

9 ||I ||| I‘l I“ |||
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which demonstrates its applicability to high-dimensional
biomedical features. PSO-RS-TSVM has the highest overall
performance, and the accuracy and F1-score are more than
99.9. This goes to show that the combination of PSO-based
rough set reduction and TSVM s effective in getting rid of
redundant features and maximizing the class separation to get
robust and reliable cancer diagnosis.

TSVM

u Recall (%) F1-Score (%)

Fig. 7 Performance comparison on breast cancer wisconsin (Diagnostic) dataset
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4.2. Discussion

The comparative performance analysis makes it clear that
the suggested PSO-RS-TSVM model is constantly more
effective than all the various baseline classifiers on three
benchmark healthcare datasets. The highest accuracy is noted
on the Breast Cancer Wisconsin (Diagnostic) dataset, with the
Proposed model getting an accuracy of 99.91, outperforming
all the other datasets. Such excellent performance can be
described by the fact that the dataset has high-quality, noise-
free features, and the clinical attributes are high-dimensional.

The rough set attribute reduction based on PSO is very
useful in removing redundant features and keeping the most
discriminative ones, and the Transductive SVM makes use of
the labeled and unlabeled samples to maximize the separation
between the classes, making it practically infallible.

The proposed model has an accuracy of 99.83 on the
Heart Disease dataset and 99.78 on the Pima Indians Diabetes
dataset. Although these outputs are a bit lower than those in
the breast cancer dataset, they nonetheless show the strength
and the generalization ability of the framework in the process
of dealing with heterogeneous clinical attributes, nonlinear
interactions, and noisy or overlapping information. All in all,
the PSO -RS -TSVM model is very efficient with predictive
healthcare systems and is especially useful in high-

dimensional and structured biomedical data like the Breast
Cancer Wisconsin dataset.

Table 6. Comparative analysis between existing and proposed model

Models Accuracy | Ref.
PSO-SVM on Kaggle Benchmark 90.18 [12]
Dataset
PSO on Jordan University Hospital
(JUH) Heart Dataset 943 [38]
Proposed PSO-RS-TSVM on the 99.91 i
Breast Cancer Wisconsin (Diagnostic) '

It is proposed in Table 6 that there is a comparative
analysis between the existing PSO-based models and the
proposed PSO-RS-TSVM framework. The PSO-SVM model
over the Kaggle benchmark data had an accuracy of 90.18
percent, whereas PSO used on the Jordan University Hospital
Heart data had an accuracy of 94.3 percent, which represented
a moderate accuracy as compared to the proposed PSO-RS-
TSVM, which inherently has an impressive accuracy of 99.91
percent on the Breast Cancer Wisconsin (Diagnostic) dataset.
This proves that the incorporation of PSO-influenced Rough
Set features reduction and Transductive SVM contribute
positively in improving feature selection, making use of
unlabeled data and separation of the classes, leading to
improvement in classification.

Accuracy (%)

102

100

PSO-SVM on Kaggle Benchmark
Dataset

PSO on Jordan University
Hospital (JUH) Dataset

Proposed PSO-RS-TSVM (Breast
Cancer Wisconsin Diagnostic)

Fig. 8 Comparative analysis graph

5. Conclusion

The paper presents a powerful predictive healthcare
framework that combines Particle Swarm Optimization
(PSO)-based Rough Set attribute reduction and Transductive
Support Vector Machine (TSVM). The suggested PSO-RS-
TSVM model satisfactorily solves the issues of feature
redundancy, high-dimensional clinical data, and small labeled
samples. As comparative analysis across benchmark datasets-
Pima Indians Diabetes, Heart Disease (Cleveland), and Breast
Cancer Wisconsin (Diagnostic)-shows, the proposed model

606

has always been proven to be better than classical classifiers
like the Logistic Regression, K-Nearest Neighbors, Decision
Tree, Random Forest, and Inductive SVM.

The relative performance compared with the existing
techniques also shows high performance; e.g. the past model
of PSO-SVM model had shown 90.18 per cent on the Kaggle
databases and 94.3 per cent on the Jordan University Heart
dataset, whilst the proposed model has shown 99.91 per cent
accuracy on the Breast Cancer Wisconsin dataset.
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This highlights its capacity to choose the most  Author’s Contribution
discriminatory features and use unlabeled information to ABP and BSC conceived and designed the research
improve the separations of classes. The model has an accuracy  framework. ABP and ARS developed the PSO-driven Rough
0f 99.83 and 99.78 on the Heart Disease and Diabetes datasets, Set attribute reduction meth0d0|ogy and imp|emented the
respectively, ~which validates strong robustness and  experimental setup. KSS curated the healthcare benchmark
generalizability with respect to diverse clinical data. To  datasets (Pima Indians Diabetes, Heart Disease Cleveland, and
address future tasks, the framework may be applied to the  Breast Cancer Wisconsin Diagnostic) and performed data
problems of multi-class healthcare prediction and large, multi-  preprocessing and exploratory data analysis. ASS
institutional data. Predictive accuracy, interpretability and implemented the Transductive Support Vector Machine
clinical acceptance could be further promoted with the  (TSVvM) model and conducted performance evaluation using
incorporation of deep learning-based feature extraction, real-  accuracy, precision, recall, and Fl-score metrics. ABP
time patient monitoring data, and explainable Al techniques.  analyzed the results and drafted the manuscript. BSC and ARS
Automated, customized decision support tools can also be  critically revised the manuscript for important intellectual

integrated with electronic health records and form the basis of content. All authors read and approved the final manuscript.
a scalable solution to advanced healthcare analytics.
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