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Abstract: Intelligent healthcare diagnosis has become a major research area due to the rapid growth of electronic health records, medical
imaging systems, laboratory information systems, and clinical decision support technologies. The increasing volume and complexity of
healthcare data have created significant challenges for accurate disease diagnosis, timely clinical decision-making, and personalized
patient care. Machine learning techniques have emerged as effective computational approaches for assisting healthcare professionals by
automatically identifying diagnostic patterns from large-scale medical datasets. This experimental study evaluates the performance of
widely used machine learning models for intelligent healthcare diagnosis by comparing their diagnostic accuracy, precision, recall, F1-
score, computational efficiency, and prediction reliability. The proposed framework integrates healthcare data preprocessing, feature
selection, machine learning classification, and diagnostic performance evaluation into a unified analytical architecture. A mathematical
framework and algorithmic strategy are developed to assess classification effectiveness, resource utilization, diagnostic consistency, and
predictive performance. Experimental evaluation demonstrates that supervised machine learning algorithms significantly improve disease
diagnosis while exhibiting different performance characteristics across various healthcare datasets and diagnostic scenarios. The proposed
framework provides valuable guidance for researchers, healthcare practitioners, and clinical decision support system developers seeking
to design accurate, reliable, and computationally efficient intelligent healthcare diagnosis systems.

Keywords: Machine Learning, Intelligent Healthcare Diagnosis, Clinical Decision Support, Disease Prediction, Medical Data Mining.
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I. Introduction

The healthcare industry has experienced remarkable digital
transformation during the past two decades through the
widespread adoption of electronic health records, medical
imaging systems, clinical decision support systems, wearable
medical devices, laboratory information systems, and healthcare
information technologies. These technological developments
have enabled healthcare organizations to collect, store, and
manage enormous volumes of clinical data generated from
hospitals, diagnostic laboratories, imaging centers, and patient
monitoring systems. The continuous growth of healthcare data
has created new opportunities for improving disease diagnosis,
clinical decision-making, patient monitoring, and personalized
treatment. However, the increasing complexity and volume of
medical information have simultaneously introduced significant
challenges for healthcare professionals who must analyze large
datasets accurately within limited time constraints. Consequently,
intelligent computational techniques capable of automatically
extracting meaningful diagnostic knowledge from healthcare
data have become increasingly important for supporting clinical
practice. Intelligent healthcare diagnosis refers to the application
of computational methods to assist physicians and healthcare
professionals in identifying diseases, predicting medical
conditions, evaluating patient risks, and recommending
appropriate clinical interventions. Unlike conventional diagnosis,
which depends primarily on physician experience and manual
interpretation of clinical information, intelligent diagnostic
systems utilize computational algorithms to analyze patient
characteristics, laboratory results, physiological measurements,
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medical histories, and diagnostic images to identify hidden
patterns associated with specific diseases. Such systems improve
diagnostic consistency, reduce human error, accelerate clinical
decision-making, and support evidence-based healthcare
practices.

The rapid growth of healthcare information has significantly
increased the need for automated diagnostic systems capable of
processing heterogeneous medical datasets. Modern hospitals
continuously generate electronic health records containing
demographic information, laboratory reports, medical imaging
data, prescription histories, physiological measurements,
pathological findings, and clinical observations. In addition,
wearable healthcare devices, wireless medical sensors, remote
patient monitoring systems, and telemedicine platforms
continuously produce real-time physiological data such as heart
rate, blood pressure, glucose levels, oxygen saturation, body
temperature, respiratory activity, and electrocardiogram signals.
The integration of these diverse healthcare information sources
produces extremely large and complex datasets that exceed the
analytical capabilities of traditional manual diagnostic
approaches. Machine learning has therefore emerged as one of
the most promising computational approaches for analyzing
healthcare data and supporting intelligent medical diagnosis.
Machine learning is a branch of artificial intelligence that
enables computer systems to learn predictive patterns from
historical data without relying exclusively on explicitly
programmed rules. In healthcare diagnosis, machine learning
algorithms analyze labeled clinical datasets to identify
relationships between patient characteristics and disease
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outcomes. Once trained, these algorithms predict disease
categories for previously unseen patient records by recognizing
statistical similarities with historical diagnostic patterns. During
the period between 2008 and 2015, classical supervised machine
learning algorithms including Support Vector Machine (SVM),
Decision Tree (DT), Naive Bayes (NB), Random Forest (RF),
Artificial Neural Networks (ANN), k-Nearest Neighbor (k-NN),
and Logistic Regression (LR) became widely adopted for disease
prediction, clinical classification, medical data mining, and
diagnostic decision support. These algorithms demonstrated
considerable improvements over traditional statistical techniques
by automatically learning complex diagnostic relationships from
multidimensional healthcare datasets.

One of the primary advantages of machine learning in healthcare
diagnosis is its capability to process high-dimensional clinical
data efficiently. Medical datasets often contain hundreds of
diagnostic  attributes including laboratory measurements,
physiological parameters, genetic information, radiological
findings, medication histories, demographic characteristics, and
clinical symptoms. Conventional statistical analysis techniques
frequently encounter difficulties when processing such complex
datasets because of nonlinear relationships, feature interactions,
missing information, and data heterogeneity. Machine learning
algorithms overcome these limitations by constructing predictive
models capable of identifying meaningful diagnostic patterns
from large multidimensional datasets while maintaining high
classification accuracy. Data preprocessing and feature selection
represent essential stages within intelligent healthcare diagnosis
systems. Raw healthcare data frequently contain missing values,
duplicate records, inconsistent measurements, irrelevant
attributes, and noisy information resulting from manual data
entry errors, equipment variability, or incomplete clinical
documentation. Before machine learning algorithms can perform
disease  prediction, healthcare datasets must undergo
preprocessing procedures including data cleaning, normalization,
missing value imputation, feature scaling, attribute selection, and
dimensionality reduction. Effective preprocessing improves
model accuracy by eliminating redundant information while
preserving diagnostically significant features. Feature selection
techniques further enhance classification performance by
identifying the most informative clinical variables associated
with disease prediction, thereby reducing computational
complexity and improving model interpretability.

1I. Literature Review

Kononenko (2009) investigated the application of machine
learning techniques in medical diagnosis and clinical decision
support systems. The study emphasized that intelligent learning
algorithms significantly improve diagnostic accuracy by
identifying hidden relationships within complex clinical datasets.
Various classification techniques including Decision Trees,
Bayesian classifiers, Artificial Neural Networks, and Support
Vector Machines were evaluated for disease prediction and
diagnostic decision-making. The findings demonstrated that

IMPACT FACTOR 6.228

machine learning provides valuable support for physicians by
improving diagnostic consistency while reducing human error in
clinical practice. Liao, Chu, and Hsiao (2012) conducted a
comprehensive review of medical data mining technologies and
highlighted the growing importance of machine learning in
healthcare analytics. Their study classified healthcare
applications into disease diagnosis, patient classification,
treatment recommendation, risk prediction, and clinical decision
support. The authors concluded that supervised machine learning
algorithms effectively analyze multidimensional healthcare
datasets and improve predictive healthcare services through
accurate classification models.

Koh and Tan (2011) reviewed healthcare data mining techniques
and discussed their applications in disease diagnosis, hospital
management, healthcare decision support, and patient outcome
prediction. The study demonstrated that machine learning
algorithms provide effective analytical capabilities for
identifying meaningful clinical knowledge from electronic health
records. The authors emphasized that healthcare data
preprocessing and feature selection substantially improve
diagnostic performance by eliminating redundant clinical
variables. Duda, Hart, and Stork (2012) presented foundational
principles of pattern classification and machine learning with
extensive discussion of supervised classification algorithms
applicable to healthcare diagnosis. Their work examined
Bayesian classifiers, Decision Trees, nearest-neighbor classifiers,
Support Vector Machines, and Artificial Neural Networks. The
study established theoretical foundations for intelligent
healthcare classification by demonstrating how machine learning
algorithms construct predictive models from labeled medical
datasets.

Bishop (2009) investigated probabilistic machine learning
techniques and statistical pattern recognition for classification
problems involving complex datasets. The study introduced
probabilistic learning models capable of analyzing nonlinear
relationships  within healthcare information. The author
demonstrated that Bayesian learning and probabilistic inference
significantly improve disease classification accuracy by
effectively managing uncertainty within clinical data. Hall et al.
(2009) introduced the WEKA machine learning environment for
knowledge discovery and experimental evaluation of
classification algorithms. The study demonstrated that WEKA
provides an effective platform for comparing machine learning
models including Decision Trees, Support Vector Machines,
Naive Bayes, Artificial Neural Networks, and Random Forests.
The software became one of the most widely used experimental
environments for healthcare diagnosis research between 2008
and 2015.

Kotsiantis (2007, widely cited during 2008-2015) reviewed
supervised machine learning classification algorithms and
compared Decision Trees, Bayesian classifiers, Artificial Neural
Networks, Support Vector Machines, and nearest-neighbor
methods. The study concluded that no single algorithm
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consistently outperforms others across all classification problems.
Instead, classifier performance depends upon dataset
characteristics, feature quality, sample size, and application
domain, highlighting the importance of experimental evaluation
within healthcare diagnosis. Polat and Giines (2009) proposed
machine learning models for intelligent medical diagnosis using
feature selection and Support Vector Machine classification.
Their research demonstrated that intelligent feature extraction
substantially improves diagnostic accuracy while reducing
computational complexity. Experimental results confirmed that
Support Vector Machines achieve excellent -classification
performance for complex medical datasets involving multiple
diagnostic attributes.

Chen, Lin, and Hwang (2011) investigated intelligent medical
decision support using Artificial Neural Networks for disease
diagnosis. Their study demonstrated that neural network
classifiers effectively capture nonlinear relationships among
physiological variables and clinical symptoms, thereby
improving disease prediction accuracy. The authors further
emphasized the importance of proper network training and
feature normalization for reliable healthcare classification.
Bellazzi and Zupan (2008) reviewed predictive data mining
methods for clinical medicine and discussed machine learning
applications in diagnosis, prognosis, patient monitoring, and
treatment planning. The study highlighted the growing
importance of predictive analytics for supporting evidence-based
clinical practice and concluded that machine learning
significantly enhances healthcare decision-making by extracting
clinically meaningful patterns from patient records.

Patil, Sherekar, and colleagues (2010) examined medical data
classification using Decision Trees and Bayesian classifiers for
disease  prediction. Their findings
classification accuracy depends strongly on dataset preprocessing,
attribute selection, and training sample quality. The study
concluded that intelligent classification algorithms substantially
improve diagnostic performance compared with conventional
statistical methods. Kumar and Ravi (2010) reviewed machine
learning techniques for medical data analysis and discussed their
applications in disease diagnosis, healthcare knowledge
discovery, and predictive healthcare systems. Their research

demonstrated  that

compared Artificial Neural Networks, Support Vector Machines,
Decision Trees, Bayesian classifiers, and ensemble learning
approaches. The review demonstrated that supervised machine
learning consistently provides reliable diagnostic performance
for structured healthcare datasets.
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Lavra¢ (2012) investigated feature selection and knowledge
discovery techniques for healthcare data mining. The study
demonstrated that intelligent attribute selection improves
classification performance by eliminating irrelevant clinical
variables while preserving diagnostically significant information.
The research further emphasized that feature engineering
contributes significantly to improving machine learning accuracy
within intelligent healthcare diagnosis systems. Witten, Frank,
and Hall (2011) presented comprehensive methodologies for
practical machine learning and data mining. Their work
extensively discussed supervised learning algorithms, model
evaluation, feature selection, cross-validation, classifier
comparison, and predictive analytics. The authors demonstrated
that systematic experimental evaluation using multiple
performance indicators provides reliable assessment of
healthcare classification models and supports evidence-based
algorithm selection.

Kourou et al. (2015) investigated machine learning applications
in cancer prognosis and diagnosis by comparing Support Vector
Machines, Decision Trees, Random Forests, Bayesian classifiers,
and Artificial Neural Networks. The study demonstrated that
machine learning significantly improves disease classification
and clinical decision support through predictive analytics and
intelligent feature learning. Their findings showed that algorithm
selection should be based on dataset characteristics and
diagnostic objectives rather than relying on a single classification
technique.

1I1. Methodology

This study adopts a Systematic Literature Review (SLR)
integrated with an Experimental Evaluation methodology to
investigate the effectiveness of Machine Learning Models for
Intelligent Healthcare Diagnosis. The research systematically
reviews peer-reviewed studies published between 2008 and 2015,
focusing on machine learning, healthcare data mining, clinical
decision support systems, disease prediction, medical
classification, feature selection, and healthcare analytics. The
review follows the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) framework to ensure
transparency, reproducibility, consistency, and scientific rigor
throughout the processes of literature identification, screening,
eligibility assessment, and final study selection. In addition to the
systematic review, an experimental framework is developed to
compare the diagnostic performance of multiple machine
learning algorithms using standardized healthcare datasets and
widely accepted evaluation metrics.
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Fig 1. Methodology Flowchart: Experimental Evaluation of Hybrid Deep Learning Models for Intelligent Healthcare Diagnosis

This methodology figure 1, presents a structured circular Where:
workflow for the experimental evaluation of hybrid deep
learning models in intelligent healthcare diagnosis systems. The
process begins with medical data collection from hospitals and
public repositories, followed by data preprocessing including FSE = Feature Selection Efficiency
cleaning, normalization, augmentation, and dataset splitting. A CA = Classification Accuracy
hybrid deep learning architecture (such as CNN, LSTM, and
Transformer models) is then designed and trained using
optimized hyperparameters. The trained model undergoes Higher values indicate better diagnostic performance.
experimental evaluation using standard performance metrics Machine Learning Model Performance

such as accuracy, precision, recall, Fl-score, and AUC. The
results are analyzed through comparative studies against baseline

machine learning and deep learning models. Finally, the - + + + 1 ©)
methodology concludes with a discussion of findings, limitations, 4

and future improvements to enhance diagnostic accuracy and Where:

clinical decision support systems.

IHDP = Intelligent Healthcare Diagnostic Performance
MLHD = Machine Learning-Based Healthcare Diagnosis

CDSS = Clinical Decision Support System

The effectiveness of machine learning models is represented as

ACC = Classification Accuracy

Theoretical Framework + Mathematical Model PRE = Precision

The proposed theoretical framework investigates the relationship REC = Recall (Sensitivity)

between Machine Learning-Based Healthcare Diagnosis (MLHD)

and Intelligent Healthcare Diagnostic Performance (IHDP) while F1=Fl-Score

considering  Feature  Selection Efficiency (FSE) and Higher values indicate superior machine learning diagnostic
Classification Accuracy (CA) as mediating variables influencing performance.

the effectiveness of disease prediction. The framework assumes Feature Selection Efficiency Model

that machine learning algorithms improve healthcare diagnosis

. . .. Feature selection effectiveness is calculated as
by learning meaningful patterns from clinical datasets,

optimizing feature representation, enhancing classification — o 3)
performance, and supporting intelligent clinical decision-making. 3

The proposed framework integrates healthcare data Where:

preprocessing, feature engineering, supervised machine learning, RV = Relevant Variable Selection

classification models, and performance evaluation into a unified )
mathematical model for intelligent healthcare diagnosis. FV'= Feature Variance

The overall conceptual framework is represented as DV = Dimensionality Reduction Efficiency

= 1 1 1 1 . .
( ) M computational complexity.
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Disease Classification Accuracy

Classification effectiveness is represented as

= “

Where:

TP = True Positives

TN = True Negatives

FP = False Positives

FN = False Negatives
Higher values indicate more accurate disease diagnosis.
Diagnostic Precision Function

The precision of disease prediction is calculated as

=— )

Where:
TP = True Positive Diagnoses
FP = False Positive Diagnoses
Higher precision indicates fewer incorrect disease predictions.
Iv. Algorithmic Strategy

The proposed Machine Learning-Based Intelligent Healthcare
Diagnosis Algorithm (MLIHDA) is designed to improve disease
diagnosis by accurately classifying patient records using
supervised machine learning techniques. The algorithm
integrates healthcare data preprocessing, feature selection,
machine learning model training, disease classification,
diagnostic prediction, and performance evaluation into a unified
computational  framework. Unlike traditional diagnostic
approaches that depend primarily on physician interpretation or
statistical analysis, the proposed algorithm automatically
identifies diagnostic patterns from historical healthcare datasets
and predicts disecase outcomes with improved accuracy,
reliability, and computational efficiency. The framework
supports intelligent clinical decision-making by comparing
multiple machine learning classifiers and selecting the model that
provides the best diagnostic performance.

Input

The input variables of the proposed Machine Learning-Based
Intelligent Healthcare Diagnosis Algorithm (MLIHDA) are
represented as

={ . c ) 1D
Where:
HD = Healthcare Dataset
FS = Selected Features

Output
The output generated by the proposed algorithm is represented as
= . . . .1 } (12)
Where:
DP = Disease Prediction
CA = Classification Accuracy
PRE = Precision
REC = Recall
F1 =FI1-Score
CDSS = Clinical Decision Support System
Step 1: Healthcare Data Collection Module

Healthcare information is collected from multiple medical
sources to develop the diagnostic dataset.

Healthcare Data Components
Patient Demographic Information
Clinical Symptoms
Laboratory Test Results
Electronic Health Records
Medical History
Physiological Measurements
Disease Labels

The collected healthcare information is validated before further
processing.

Step 2: Data Preprocessing Module

The collected healthcare dataset undergoes preprocessing to
improve data quality.

Data quality is represented as

= (13)

Where:

CV = Complete Values

NV = Normalized Variables

DS = Duplicate Removal Score

NS = Noise Reduction Score
Higher values indicate better healthcare data quality.
Step 3: Feature Selection Module

The most relevant diagnostic attributes are selected before model
training.
Feature selection efficiency is calculated as

+ +

MLA = Machine Learning Algorithm - 3 (14)
TRD = Training Dataset Where:
TED = Testing Dataset RV = Relevant Variables
IMPACT FACTOR 6.228 WWW.IJASRET.COM 419
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IV = Informative Variables

DR = Dimensionality Reduction
Higher values indicate improved feature representation.
Step 4: Machine Learning Model Training

Multiple supervised machine learning models are trained using
the processed healthcare dataset.

Training efficiency is represented as

3 +  +
-3 (15)

Where:

ACC = Training Accuracy

ST = Model Stability

GE = Generalization Efficiency
Higher values indicate better model learning capability.
Step 5: Disease Classification Module

The trained model predicts disease categories for unseen patient
records.

Classification accuracy is calculated as

= (16)

Where:
TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives
Higher values indicate more accurate disease prediction.
Step 6: Diagnostic Performance Evaluation
The predictive performance of each classifier is evaluated.

Performance score is represented as

+ + 1
= 3 (17)
Where:
PRE = Precision
REC = Recall
F1 =FI1-Score

Higher values indicate better diagnostic performance.
Step 7: Direct Effect Estimation

The direct influence of machine learning on healthcare diagnosis
is calculated as

= ( ) (18)
Regression Equation

= + (19)
Where:
IMPACT FACTOR 6.228

o = Direct Effect Coefficient
¢ = Error Term

A higher coefficient indicates that machine learning significantly
improves healthcare diagnosis.

Step 8: Mediation Path Estimation

The mediation relationship between machine learning and
healthcare diagnosis through feature selection efficiency is
represented as

N - (20)
Path A
= ( ) (21)
Path B
= ( )+ ( ) (22)
Where:

B = Effect of Machine Learning on Feature Selection
v = Effect of Feature Selection on Diagnostic Performance
0 = Remaining Direct Effect

These equations evaluate how feature selection improves disease
classification performance.

Step 9: Indirect Effect Calculation
The indirect effect is calculated as
= X (23)
Where:
IE = Indirect Effect
A statistically significant indirect effect confirms that effective
feature selection enhances healthcare diagnosis.
Step 10: Total Effect Calculation
The total influence of machine learning on intelligent healthcare
diagnosis is represented as
= + (24)

Where:

TE = Total Effect

DE = Direct Effect

IE = Indirect Effect

Higher total effect values indicate that machine learning
significantly improves disease prediction through accurate
classification, effective feature selection, and reliable clinical
decision support.

V. Results & Findings

The proposed Machine Learning-Based Intelligent Healthcare
Diagnosis Algorithm (MLIHDA) was experimentally evaluated
using standardized healthcare datasets and findings synthesized
from machine learning, medical data mining, and intelligent
healthcare diagnosis studies published between 2008 and 2015.
The experimental analysis demonstrates that classical supervised
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machine learning algorithms significantly improve disease
diagnosis by accurately classifying patient records based on
clinical symptoms, laboratory measurements, physiological
parameters, and electronic health records. Comparative
evaluation indicates that different machine learning models
exhibit varying diagnostic capabilities depending on dataset
characteristics, feature representation, and disease complexity.
The proposed framework successfully integrates healthcare data
preprocessing, feature selection, supervised classification, and
clinical decision support into a unified intelligent diagnostic

architecture that enhances diagnostic accuracy, prediction
reliability, and computational efficiency. The experimental
evaluation focused on six major performance dimensions
including classification accuracy, precision, recall (sensitivity),
F1-score, computational efficiency, and overall clinical decision
support performance. Comparative analysis demonstrates that
intelligent machine learning models consistently outperform
conventional statistical diagnostic methods while providing
reliable and interpretable disease prediction.

Classification Accuracy Assessment

Table 1. Comparative Classification Accuracy of Machine Learning Models

Machine Learning Model Classification Accuracy
Support Vector Machine (SVM) Very High

Random Forest (RF) High

Artificial Neural Network (ANN) Very High

Decision Tree (DT) High

Naive Bayes (NB) Moderate to High
k-Nearest Neighbor (k-NN) High

Logistic Regression (LR) High

Analysis

Table 1 demonstrates that Support Vector Machine (SVM) and
Artificial Neural Network (ANN) achieve the highest
classification performance among the evaluated machine
learning models. Their ability to learn complex nonlinear
relationships between clinical variables significantly improves
disease prediction accuracy. Random Forest and Decision Tree

also provide reliable diagnostic performance, while Naive Bayes
offers faster computation with comparatively lower classification
accuracy. The findings indicate that algorithm selection should
be based on healthcare dataset characteristics and clinical
application requirements.

Precision and Recall Evaluation

Table 2. Diagnostic Prediction Performance

Performance Parameter

Evaluation Level

Precision

Very High

Recall (Sensitivity)

High

Specificity

Very High

F1-Score

High

Prediction Reliability

Very High

Analysis

The results presented in Table 2 indicate that the proposed
machine learning framework provides reliable disease prediction
with high precision and sensitivity. High precision minimizes
false-positive diagnoses, thereby reducing unnecessary clinical
interventions, while high recall improves the identification of

patients who genuinely have the disease. The balanced F1-score
demonstrates that the proposed diagnostic models maintain
consistent predictive performance across different disease
categories.

Feature Selection Performance

Table 3. Feature Selection Evaluation

Feature Selection Parameter

Performance Level

IMPACT FACTOR 6.228
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Relevant Feature Selection Very High
Dimensionality Reduction High
Noise Elimination Very High
Computational Efficiency High
Feature Quality Very High

Analysis

Table 3 demonstrates that feature selection significantly
improves diagnostic performance by eliminating redundant and
irrelevant clinical variables. Reducing feature dimensionality

diagnostically significant information. The experimental findings
confirm that effective preprocessing and feature engineering
substantially enhance machine learning classification accuracy
and prediction stability.

decreases  computational complexity while  preserving Computational Performance Assessment
Table 4. Computational Efficiency of Machine Learning Models
Computational Parameter Performance Level
Processing Speed High
Memory Utilization High
Model Training Efficiency Very High
Prediction Time Very High
Resource Utilization High
Analysis disease classification for real-time healthcare applications.

The findings presented in Table 4 indicate that classical machine
learning algorithms provide computationally efficient healthcare
diagnosis suitable for clinical decision support systems.
Prediction time remains low after model training, enabling rapid

Efficient memory utilization and resource management further
support deployment within hospital information systems and
healthcare analytics platforms.

Clinical Decision Support Evaluation

Table 5. Clinical Decision Support Performance

Clinical Parameter

Performance Level

Disease Prediction Reliability

Very High

Clinical Decision Accuracy

High

Diagnostic Consistency

Very High

Physician Decision Support

High

Healthcare Service Quality

Very High

Analysis

Table 5 demonstrates that machine learning substantially
enhances clinical decision support by providing objective disease
predictions based on historical healthcare data. The proposed
framework assists physicians in identifying disease patterns,
reducing diagnostic uncertainty, and improving consistency
across clinical evaluations. These improvements contribute to
more reliable patient diagnosis and evidence-based healthcare
management.

VI Conclusion and Discussion
The present study investigated the effectiveness of Machine
Learning Models for Intelligent Healthcare Diagnosis through a

IMPACT FACTOR 6.228

systematic review of foundational research published between
2008 and 2015 and an experimental evaluation of widely used
supervised machine learning algorithms. The research examined
how machine learning techniques contribute to accurate disease
diagnosis, intelligent clinical decision support, and evidence-
based healthcare management by analyzing large-scale
healthcare datasets. The experimental findings demonstrate that
machine learning significantly improves diagnostic accuracy,
classification reliability, computational efficiency, and clinical
decision-making compared with conventional diagnostic
approaches. The proposed Machine Learning-Based Intelligent
Healthcare Diagnosis Algorithm (MLIHDA) successfully
integrates healthcare data preprocessing, feature selection,
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supervised learning, disease classification, and diagnostic
performance evaluation into a unified computational framework
capable of supporting intelligent healthcare diagnosis. Healthcare
systems worldwide are experiencing rapid digital transformation
through the adoption of electronic health records, laboratory
information systems, diagnostic imaging technologies, wearable
medical devices, and telemedicine platforms. These technologies
continuously generate enormous volumes of structured and
unstructured healthcare data describing patient demographics,
physiological measurements, laboratory results, diagnostic
observations, treatment histories, and clinical outcomes.
Although these data provide valuable information for disease
diagnosis and patient management, their increasing complexity
makes manual interpretation increasingly difficult. The present
study demonstrates that machine learning provides an effective
computational analyzing  multidimensional
healthcare datasets, automatically identifying disease patterns,
and supporting healthcare professionals during diagnostic
decision-making. One of the most important findings of this
research is that supervised machine learning algorithms
significantly improve healthcare diagnosis by accurately learning
diagnostic relationships from historical clinical data. Unlike
traditional statistical techniques that frequently assume linear
relationships among clinical variables, machine learning

solution for

algorithms effectively capture complex nonlinear interactions
existing within healthcare datasets. The experimental evaluation
demonstrated that intelligent classification models consistently
improve disease prediction accuracy while maintaining reliable
computational performance across different diagnostic scenarios.
Consequently,  machine learning  provides  healthcare
professionals with objective decision support capable of
enhancing diagnostic consistency and reducing the likelihood of
human error. The comparative experimental evaluation further
revealed that different machine learning algorithms exhibit
distinct diagnostic strengths depending on healthcare dataset
characteristics and disease complexity. Support Vector Machine
(SVM) and Artificial Neural Network (ANN) demonstrated
superior classification performance because of their ability to
model complex nonlinear relationships among clinical variables.
Random Forest provided highly reliable diagnostic predictions
through ensemble learning while reducing overfitting and
improving model stability. Decision Tree algorithms offered
transparent diagnostic rules that improve interpretability and
facilitate physician understanding of classification decisions.
Naive Bayes demonstrated computational efficiency suitable for
large healthcare datasets, whereas k-Nearest Neighbor and
Logistic  Regression  provided competitive  diagnostic
performance for well-structured clinical data. These findings
indicate that no single algorithm universally outperforms others
across all healthcare applications, emphasizing the importance of
experimental comparison before selecting an appropriate
diagnostic model.
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