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ABSTRACT 

 

This research presents BPES, a cardiovascular risk 

assessment system utilizing interpretative machine 

learning. The model combines Principal Component 

Analysis (PCA) with Logistic Regression to enhance 

predictive accuracy while preserving interpretability. A 

Flask API back-end with a ReactJS front-end enables 

real-time interaction.BPES integrates American Heart 

Association (AHA) guidelines for rule-based 

hypertension classification. The system supports clinical 

insight through interactive visualizations such as ROC 

curves, confusion matrices, feature importance plots, and 

PCA scatter plots.Designed for both clinical and web-

based use, BPES demonstrates a robust, explainable AI 

framework tailored to provide real-time, data-driven 

support for healthcare professionals and patients. 

Keywords: Cardiovascular disease, Expert System, 

Hypertension, Logistic Regression, Machine 

Learning,  PCA,  Real-time prediction 

 

INTRODUCTION 

Heart attacks and strokes, as components of 

cardiovascular diseases (CVDs), account for a significant 

portion of global annual mortality rates [1], [2], [4]. High 

blood pressure, the leading risk factor for CVD, 

continues to impact populations worldwide [7]. 

Hypertension frequently goes undiagnosed due to its 

asymptomatic nature and limited access to diagnostic 

services, especially in developing regions [3], [8]. 

 

Early diagnosis and timely classification of hypertension 

are essential for improving health outcomes through 

appropriate interventions and preventive strategies [6], 

[13].  

The integration of real-time analysis with intelligent 

systems has enabled the development of cost-effective 

solutions such as the Blood Pressure Expert System 

(BPES) [10], [19]. This system leverages machine 

learning algorithms in conjunction with interpretative 

classification rules to generate accurate and 

understandable outputs for clinical application [5], [15], 

[23]. 

The BPES architecture features a two-layer design: the 

first layer implements Logistic Regression enhanced 

with Principal Component Analysis (PCA) for 

cardiovascular risk prediction [1], [21], while the second 

layer employs a rule-based expert system for 

hypertension stage classification following clinical 

guidelines [3], [18]. A modern, web-based interface 

provides healthcare professionals and end-users with 

rapid, actionable feedback, enhancing accessibility and 

usability [9], [12]. 

This study aims to present the development and 

evaluation of BPES, an interpretable, real-time 

cardiovascular risk assessment system that combines 

PCA and Logistic Regression with rule-based 

hypertension classification. The goal is to deliver a 

clinically relevant, explainable AI framework that 

supports early diagnosis and personalized medical 

recommendations in both clinical and remote setting

http://www.ijrti.org/
mailto:aryanmsharma167@gmail.com
mailto:dtdivyansh1302@gmail.com
mailto:RADHIKES16@GMAIL.COM


      © 2025 IJRTI | Volume 10, Issue 5 May 2025 | ISSN: 2456-3315 

IJRTI2505047 International Journal for Research Trends and Innovation (www.ijrti.org) a453 
 

Literature Review 
 

Modern CVD prediction models have grown possible 

through a combination of machine learning algorithms 

with data analytic approaches. Research on CVD 

prediction used Decision Trees as well as Support 

Vector Machines (SVM) together with Random 

Forests. The models usually display high predictive 

results but their clarity usually suffers which is crucial 

for medical purposes. The clinical world widely relies 

on Logistic Regression for diagnostic purposes because 

this method offers simple implementation combined 

with easily interpretable outcomes. 

 

Scientists apply Principal Component Analysis (PCA) 

as among their dimensionality reduction techniques for 

handling multicollinearity and high-dimensional data 

problems. Real-time systems achieve both better 

accuracy and faster operations when they apply PCA 

with classifiers. Healthcare systems achieve greater 

conformity to clinical standards when they implement 

expert systems that use rule-based logic specifically for 

hypertension stage classification. 

 

The project continues past foundations through a 

combined pipeline with PCA alongside Logistic 

Regression supported by expert rules while optimizing 

it for practical deployment. The current system places 

priority on interpretability alongside real-time 

performance which is enabled by its contemporary user 

interface 

 

Cardiovascular Disease 

Prediction Using Machine 

Learning Algorithms 
 

A research paper investigates machine learning (ML) 

methods for cardiovascular disease (CVD) prediction 

due to their status as global leading death causes. The 

study highlights the benefits of ML through extensive 

patient data assessment that helps discover concealed 

patterns so physicians can prevent or detect CVDs 

early. Decision Trees, Random Forests, Support Vector 

Machines (SVM) together with K-Nearest Neighbors 

(KNN) serve as the primary ML algorithms for CVD 

prediction assessments. The evaluation of these 

algorithms uses accuracy together with precision and 

recall and F1-score metrics to find the most efficient 

model for predicting CVD. Random Forest performs 

better than sole ML techniques at predicting disease 

outcomes which ensemble approaches deliver 

according to the research findings.  

 

The approach improves CVD prediction accuracy 

which assists health professionals during identification 

and prevention stages.  

 

 

 

This study provides important findings to medical data 

analysis through its demonstration of machine learning 

algorithm potential for cardiovascular disease 

prediction which enables prompt medical care 

interventions. [1] 

 

Development of a Medical 

Expert System for Hypertensive 

Patients Diagnosis: A 

Knowledge-Based Rules 
 

The paper "Development of a Medical Expert System 

for Hypertensive Patients Diagnosis: A Knowledge-

Based Rules" explores the difficulties both dense and 

thin areas encounter with early diagnosis because they 

lack skilled healthcare providers and medical resources. 

The widespread hypertension condition creates severe 

health perils which extend to heart disease and stroke 

and can result in sudden death.  

 

The research develops a hypertension detection expert 

system which performs early diagnosis through precise 

medical decisions for patient care based on decision 

protocols. The system analyzes patient data including 

age along with body mass index (BMI) and blood 

pressure and heart rate through medical rules extracted 

from expert knowledge.  

 

The methodology strives to boost patient diagnostic 

effectiveness through its ability to offer quick expert 

guidance about hypertension treatment methods. The 

developed system accelerates patient diagnosis while 

maintaining accuracy and decreasing time losses in 

patient examinations to deliver sufficient professional 

advice for hypertension management. [3] 

 

Innovative Approaches in 

Cardiovascular Disease 

Prediction Through Machine 

Learning Optimization 
 

M. Arul Selvan investigates cardiovascular 

disease prediction through machine learning 

optimization techniques in his research article 

"Innovative Approaches in Cardiovascular Disease 

Prediction Through Machine Learning Optimization." 

Early detection together with intervention must remain 

a priority since CVD is a persistent global cause of 

morbidity and mortality. The analysis uses Decision 

Trees and Random Forests and Support Vector 

Machines together with Neural Networks which 

undergo enhancement procedures such as 

hyperparameter tuning  and cross-validation  and 

feature  selection.  

 

 

 

The approach uses model optimization methods to 

improve prediction accuracy and recognize different 

data groups to avoid overfitting as well as selecting the 

best features to use for prediction. The research uses 

data-driven approaches to study extensive datasets for 

identifying complex patterns and risk factors of CVD 

that standard statistical methods would miss. Research 

evidence suggests combining optimization strategies 

with ML technology creates opportunities to improve 

early cardiovascular detection methods alongside 

personalized therapeutic approaches in health care. [5] 
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A Machine Learning-Based 

Approach for the Prediction of 

Cardiovascular Diseases 
 

The prediction of cardiovascular diseases receives a 

machine learning-based solution from Kamireddy and 

Darapureddy (2023) through multiple classification 

algorithms. Medical data from Kaggle served as the 

research source which contained heart-related records 

about patients. The researcher evaluated multiple 

machine learning algorithms among Support Vector 

Machine (SVM) and K-Nearest Neighbors (KNN) and 

XGBoost and Random Forest (RF) and LightBoost 

(LB) and Stochastic Gradient Descent (SGD).   

 

They applied GridSearchCV as part of their approach 

to optimize model parameters. The study executed its 

experimental protocol through a dataset partition 

method where 80% was used for training purposes and 

20% served for testing. The SGD classifier 

demonstrated the best accuracy rate of 92.76% above 

all other evaluated models. Researchers found that 

when integrated with cardiovascular disease detection 

machines deliver essential benefits by facilitating 

prompt medical diagnosis that leads to lower death 

rates. The authors emphasized that selecting the best 

algorithm and tuning key model parameters and 

performing correct data preprocessing produce 

significant impacts on model accuracy.  

 

The research delivers vital knowledge regarding the 

efficient use of machine learning prediction techniques 

for heart disease assessment (Kamireddy & 

Darapureddy, 2023).  [2] 

 

Development of an expert 

system for pre-diagnosis of 

hypertension, diabetes mellitus 

type 2, and metabolic syndrome 
 

A web-based expert system for diagnosing 

hypertension before medical screening of type 2 

diabetes mellitus (DMT2) together with metabolic 

syndrome was developed by Urrea and Mignogna 

(2020).  

 

The system implements three disease-specific 

algorithms through the integration of PHP with Apache 

and MySQL and uses the CLIPS tool as the diagnostic 

platform. The system obtained validation through 

testing with 72 patients and three doctors and provided 

risk results that precisely matched medical diagnostic 

assessments indicating its usefulness as a pre-

diagnostic tool.  

 

Experts have studied different methods within the field 

of medical expert systems. The research conducted by 

Tigas et al. (2023) concentrated on creating efficient 

models to predict cardiovascular disease manifestation 

through the use of the Synthetic Minority Oversampling 

Technique (SMOTE to manage imbalanced datasets. 

 

The stacking ensemble model reached an accuracy of 

87.8% and recall of 88.3% and precision of 88% while 

obtaining 98.2% as  

area under the curve (AUC) when SMOTE was used in 

combination with 10-fold cross-validation.  

 

Research findings demonstrate how combining expert 

systems with machine learning defines cost-effective 

medical diagnosis technologies for early chronic 

disease identification and management processes. The 

research highlights the significance of choosing 

algorithms properly and balancing data and validating 

results for constructing dependable medical diagnostic 

instruments. [10] 

 

Enhancing Cardiovascular 

Disease Risk Prediction with 

Machine Learning Models 

 
The authors Shishehbor and Awan (2024) evaluated 

traditional cardiovascular disease risk prediction 

methods through "Enhancing Cardiovascular Disease 

Risk Prediction with Machine Learning Models." The 

widely adopted Framingham Risk Score and QRISK 

prove inaccurate since they cannot handle extensive and 

varied patient information sets.  

 

The authors tested different machine learning and deep 

learning models consisting of Support Vector Machine 

(SVM), Random Forest (RF), Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks 

(RNN) for obtaining more efficient cardiovascular 

disease predictions. 

 

The research demonstrates how ML technology works 

effectively with complicated data structures while 

detecting concealed relationships for better risk 

assessment outcomes than conventional approaches. 

The authors introduced implementation barriers to ML 

models in healthcare which included demanding high-

quality large datasets alongside the challenges of 

overfitting and the resources required.  

 

 

 

Precise risk prediction with reliable outcomes requires 

tuning model hyperparameters and validated data 

preprocessing and proper validation methods according 

to the authors. 

 

The research investigated the upcoming use of Large 

Language Models (LLMs) such as ChatGPT within 

medicine as a possible enhancement to ML diagnostic 

frameworks. The authors demonstrated that ML model 

capabilities in using various patient data with advanced 

algorithms produce meaningful opportunities for 

protecting cardiovascular health using personalized 

accurate predictions. Medical institutions need to 

handle the deployment of these models by building 

proper systems while prioritizing patient protection and 

performance verification to maintain safety.  

 

This study demonstrates important findings about how 

Machine Learning techniques expand healthcare while 

improving CVD risk assessment which promotes new 

intelligent  medical systems for  early  detection  and  

better  healthcare  results.  [15] 
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Prediction and diagnosis of 

cardiovascular disease using 

cloud and machine learning 

design  
 

The authors of Babu, Chandar, and Kannadhasan's 

2025 study studied the precise determination and 

medical diagnosis of cardiovascular diseases (CVDs), 

which represent a major global mortality threat. The 

study demonstrates that lifestyle behaviors including 

sitting excessively and tobacco use together with poor 

nutritional choices lead to rising heart disease statistics.  

 

The authors present a cloud-based framework (CBF) 

alongside machine learning (ML) techniques for 

assisting in early CVD detection and monitoring 

purposes (Babu et al., 2025). 

 

The system involves four essential components that 

include data acquisition and cloud data storage with 

ML-based assessment together with a user-friendly 

application interface for presenting results. The system 

collects health monitoring data live then stores it on 

cloud-based servers.  

 

Such storage architecture allows users to handle huge 

datasets and perform their retrieval tasks at scale. The 

research uses two machine learning algorithms KNN 

(K-Nearest Neighbors) and KMC (K-Means 

Clustering) for predicting and classifying heart disease 

in a patient dataset including 300 participants and their 

15 clinical attributes. 

 

The authors assessed their system using accuracy, 

sensitivity, specificity and Matthews correlation 

coefficient. KNN yielded superior prediction results in 

comparison to KMC according to the results obtained.  

 

 

The research shows how linking ML models to cloud 

services creates better accessible and precise disease 

prediction systems which help clinical decision 

processes and early patient treatment. 

 

The research has established a solid base that will guide 

developers toward constructing intelligent cloud-based 

healthcare systems intended to combat cardiovascular 

disease burdens. [4] 

 

Advancements in Heart Disease 

Prediction: A Machine 

Learning Approach for Early 

Detection and Risk Assessment 
 

Shesharao Ingole et al. (2024) presented in their 

research paper "Advancements in Heart Disease 

Prediction: A Machine Learning Approach for Early 

Detection and Risk Assessment" a complete assessment 

of machine learning methods for heart disease 

forecasting and early treatment identification. Doctors 

have increasingly recognized why artificial intelligence 

holds crucial importance for medical diagnostics to 

improve both clinical choices and treatment success 

rates. 

 

The authors performed their study using heart disease 

data which included different clinical measures like 

patient age and gender in addition to various pain types 

along with cholesterol levels and blood pressure 

readings and blood sugar levels and 

electrocardiographic outcomes. The researchers 

deployed seven different machine learning classifiers 

including Logistic Regression together with Random 

Forest and Decision Tree, Naive Bayes and k-Nearest 

Neighbors, Neural Networks and Support Vector 

Machine (SVM) for testing and evaluation. The main 

research goal focused on identifying which predictive 

model generated the most precise heart disease risk 

assessments. 

 

The evaluated models achieved their peak performance 

with Support Vector Machine (SVM) reaching 91.51% 

accuracy to lead all classifying systems. SVM proves 

able to detect and handle complex non-linear 

connections in medical datasets according to this result. 

Through this study researchers demonstrated that 

machine learning tools possess potential to function as 

dependable tools for early cardiovascular disease 

detection needs and preventive medical care initiatives. 

 

The study substantially adds value to heart disease 

prediction literature through performance analysis of 

various ML models applied to a real-life dataset. The 

research findings provide essential knowledge to assist 

researchers who want to develop improved machine 

learning-based healthcare prediction systems.[14] 

 

 

 

Components of Oranta-AO 

software expert system for 

innovative application of blood 

pressure monitors 
 

Mishra and Vakulenko et al. (2023) created the 

advanced expert system Oranta-AO as an upgrade to 

blood pressure monitoring device accuracy and 

functionality. The system implements new methods 

from arterial oscillographs to perform accurate data 

evaluation.  

 

The three components that comprise this system include 

a mobile application for data entry and a cloud-based 

processing kernel and a web platform for displaying 

results to both users and health professionals. Real-time 

data processing happens on AWS servers through the 

computing kernel which enables scalability. 

 

 A multi-format expert system can monitor patient 

blood pressure remotely to generate comprehensive 

reports needed for improved medical diagnoses. The 

system accomplishes its mission to unite traditional 

blood pressure monitoring devices with contemporary 

healthcare requirements by processing data and 

delivering customized feedback to patients. The 

Oranta-AO system enhances telemedicine development 

by promoting improvements in digital hypertension 

care.[8] 
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METHODOLOGIES 
 

Both the Heart Disease Prediction model and the 

Hypertension Expert System need a foundation of 

collected data during the initial stage. The Heart 

Disease Prediction component analyzes data from the 

Cleveland Heart Disease dataset hosted at the UCI 

Machine Learning Repository, which is widely used in 

cardiovascular research and model training efforts [1], 

[2], [4], [20], [22]. The data collection contains vital 

health-related patient attributes like age, gender, chest 

pain type, resting blood pressure, cholesterol level, 

fasting blood sugar, maximum heart rate achieved, 

exercise-induced angina, oldpeak (ST depression 

induced by exercise), slope of the peak exercise ST 

segment, number of major vessels colored by 

fluoroscopy, and thalassemia. These properties assist 

scientists in recognizing heart disease patterns as well 

as their influencing elements [5], [11], [14]. 

These properties assist scientists in recognizing heart 

disease patterns as well as its influencing elements. 

Real-time user-driven input of systolic blood pressure 

and diastolic blood pressure acts as the primary data 

source for the Hypertension Expert System due to the 

vital role these pressure values play in hypertension 

diagnosis [3], [7], [8], [10],  [19]. 

Heart Disease Prediction using Machine 

Learning: 

Data Preprocessing 
 

Numerical features such as age, resting blood pressure, 

cholesterol, maximum heart rate (thalach), and ST 

depression (oldpeak) are standardized using 

StandardScaler to ensure uniform scaling [1], [4], [6], 

[11]. Categorical variables like gender, chest pain type, 

and ECG results are transformed via OneHotEncoder to 

make them suitable for model training [1], [5], [14], 

[20]. 

To enhance pattern detection, feature engineering 

introduces non-linear interactions—oldpeak is squared 

and multiplied by thalach. These new features help the 

model capture complex relationships associated with 

heart disease risk [5], [15], [16]. 

 

Dimensionality Reduction using PCA 
 

The preprocessing step leads to Principal Component 

Analysis (PCA) implementation, which decreases the 

feature space dimensionality [1], [5], [14], [21]. The 

application of PCA achieves training speed 

improvement and multicollinearity reduction by 

maintaining components which preserve 95% of the 

original variance in the data [1], [21], [22]. The removal 

of redundant and noisy features in this process helps to 

boost the performance of logistic regression models [5], 

[20], [21]. 

 

Model Training and Pipeline Construction 
 

The scikit-learn Pipeline object contains all processing, 

dimension reduction, and classification procedures [1], 

[5], [22]. The system uses data transformation 

sequences that lead to model training assessment [5], 

[20]. Logistic Regression appears suitable because it 

performs well for binary classification while providing 

insights that match the system's priority on 

interpretation [1], [5], [23]. The model trains using an 

80-20 separation of data into train and test groups, 

where stratification prevents class imbalance between 

the two sets [14], [20], [22]. The implementation of 

Logistic Regression contains a maximum limit of 500 

iterations to prevent non-convergent states [1], [5], 

[20]. 

 
 

Figure 1. Machine Learning  

 

Evaluation Metrics and Validation: 
Various evaluation metrics consisting of accuracy, 

precision, recall, F1-score, and AUC-ROC are 

employed for model assessment [1], [5], [14], [17], 

[22]. The true positive and false negative case 

information, along with true negative and false positive 

cases, is displayed in the confusion matrix visualization 

[1], [14], [20]. The generalization performance 

evaluation utilizes 5-fold stratified sampling within 

cross-validation [1], [5], [14], [22]. The evaluation of 

model performance through increasing sample sizes 

occurs through learning curve visual representations 

which detect underfitting and overfitting conditions [5], 

[17], [20], [22]. 

Hypertension Expert System using Rule-

Based Approach 

 

The Hypertension Expert System implements its design 

through rules that follow a reasoning method based on 

expert knowledge [3], [8], [9], [10], [19]. The Python 

expert library allows the expert system to apply 

knowledge-based rules for classifying blood pressure 

stages of users [3], [8]. 

 

Rule Formulation 

Health authorities including the American Heart 

Association (AHA) provide medical guidelines which 

medical staff use to develop the rules [13], [18].  

 

 

 

http://www.ijrti.org/


      © 2025 IJRTI | Volume 10, Issue 5 May 2025 | ISSN: 2456-3315 

IJRTI2505047 International Journal for Research Trends and Innovation (www.ijrti.org) a457 
 

The system processes information regarding SBP and 

DBP values from users in order to determine blood 

pressure stages [3], [8], [10], [18]. 

For example: 

IF SBP < 120 AND DBP < 80 → THEN Blood Pressure 

is Normal 

IF SBP between 120-129 AND DBP < 80 → THEN 

Blood Pressure is Elevated 

IF SBP between 130-139 OR DBP between 80-89 → 

THEN Hypertension Stage 1 

IF SBP ≥ 140 OR DBP ≥ 90 → THEN Hypertension 

Stage 2 

IF SBP > 180 OR DBP > 120 → THEN Hypertensive 

Crisis 

 

Personalized Recommendations 

The expert system presents health recommendations to 

users after determining their blood pressure stages, such 

as adopting a healthy diet, engaging in regular physical 

exercise, managing stress, and consulting a healthcare 

professional in critical stages [3], [8], [10], [13], [18], 

[19]. 

 

 
Figure 2. Expert System 

 

Integration of Heart Disease Prediction & 

Hypertension Expert System 

The system integrates both modules into one web-based 

platform that allows users to enter health data only once 

to obtain: Heart Disease Prediction results, Blood 

Pressure Classification, Health Advice & Precautions 

for Hypertension, and a Combined Health Report[4], 

[8], [10], [13], [19]. 

 

System Architecture: 
 

Client Interface: 

Users access a web-based interface to enter health-

related information, which includes fasting sugar level, 

serum cholesterol measurements, resting blood 

pressure readings, maximum heart rate data, and chest 

pain type information [2], [4], [5], [6], [14], [20], [22]. 

 

 

 

 

The interface shows the user their predictions alongside 

personalized recommendation results [13], [19]. 

 

Server-Side Processing: 

The server serves as the processing center, receiving 

data input from clients while conducting analytical 

operations [4], [5], [6], [14], [20]. 

 

Machine learning models: 

The system deploys trained machine learning models 

for prediction purposes: 

Heart Disease Probability: The tool examines heart 

disease probability using the information provided by 

users [1], [2], [5], [11], [14], [17], [22]. 

 

Blood Pressure Stage: Blood pressure classification is 

carried out through stages including Hypotension Stage 

1 and 2, Normal, Prehypertension, Hypertension Stage 

1, 2, and 3, and Hypertensive Crisis [3], [7], [8], [10], 

[13], [18], [19]. 

 

Recommendation Engine:  

The system creates customized recommendations 

following its prediction output like Precautionary 

measures, Diet plans, Exercise routines, Information on 

symptoms and related diseases 

 

External Resources Integration: 

Users accessing detail related disease information 

through the system will be redirected to medical 

resources including MedlinePlus using clickable links. 

 

Workflow: 

 

The worflow follows this steps:Data Input: Users input 

their health parameters via the web interface.Data 

Transmission: The input data is sent to the server for 

processing.Prediction Generation: The server applies 

machine learning models to analyze the data and 

generate heart disease probability and the expert system 

use inference engine and knowledge base for 

predictions of blood pressure stage.Recommendation 

Formulation: From the generated predictions the 

system develops individualized recommendation 

offerings.Results Presentation: The system presents 

predictions together with recommendations through its 

web interface for user access. 

 

The system design enables continuous data processing 

starting from user data entry through its transformation 

into personalized healthcare discoveries that use 

predictive algorithms to generate implementable advice 

for users. 
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System Architecture Diagram 
 

 

 
 

               Figure 3. System Architecture 

 

 

 

 

 

 

 

Results of Machine Learning 

Model: 

 
 

 

 
 

Figure 4. PCA+ Logistic Regression Accuracy 

 

 

 

 

 

 

 

 

 

Figure 5. PCA+Logistic Regression Confusion 

Matrix 
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Figure 6. PCA+Logistic Regression Cross-

Validation 

 

 

 
 

 
 

 
Figure 7. ROC Curve
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Comparative Analysis with 

Other Models: 
Many machine learning algorithms underwent 

evaluation for heart disease prediction tasks during this 

research [1], [4], [5], [14], [17], [22]. 

 

A comparison of model performance occurred using 

Accuracy, Precision, Recall, and F1-Score evaluation 

measures [2], [5], [17], [22]. 

 

Logistic Regression unified with Principal Component 

Analysis (PCA) [21], along with XGBoost, Decision 

Tree, K-Nearest Neighbors (KNN), and Support Vector 

Machine (SVM), constituted the set of investigated 

models for comparison [1], [5], [14], [17], [22]. 

Performance Comparison of Different 

Models 

Table 1: Performance Comparison of Different 

Machine Learning Models 

Model Accuracy Precision Recall 
F1-

Score 

Logistic Regression 

+ PCA 
92.50% 0.93 0.92 0.92 

XGBoost 92.00% 0.92 0.91 0.92 

Decision Tree 88.50% 0.89 0.88 0.88 

K-Nearest 

Neighbors (KNN) 
93.50% 0.94 0.93 0.93 

Support Vector 

Machine (SVM) 
93.00% 0.93 0.92 0.92 

 

Justification for Using PCA + Logistic 

Regression 

The research project chose PCA with Logistic 

Regression for several vital benefits even though SVM 

and KNN showed higher accuracy values [1], [5], [17], 

[22]. 

Dimensionality Reduction and Feature 

Optimization 

PCA conducted dimensionality reduction through its 

ability to transform interrelated features into 

independent elements that create a new compact feature 

set [21].Faster training process along with simplified 

complexity and decreased risk of overfitting 

materialized because of this optimization strategy [5], 

[21], [23]. 

 

 

 

 

 

Balanced and Consistent Performance 

The PCA + Logistic Regression model showed equal 

sensitivity in all evaluation metric test results [5], [14], 

[17]. The model demonstrates reliable performance in 

heart disease prediction by maintaining a precision of 

0.93, a recall of 0.92, and an F1-score of 0.92 [1], [5], 

[22]. 

Model Interpretability 

The interpretability values of Logistic Regression 

exceed those found in black-box models including 

SVM and XGBoost [5], [14], [17], [23]. Medical 

professionals need to see through the explanatory black 

boxes to adopt models within healthcare, where 

explainability is crucial for trust and implementation 

[4], [14], [23]. 

Computational Efficiency 

The PCA employed with the Logistic Regression 

model uses fewer computational resources than 

complex models such as SVM or deep learning-based 

systems, thus making it effective for real-time web-

based healthcare system deployment [1], [5], [11]. 

Robustness Against Dimensionality 

Reduction 

The accuracy rate of 92.5% obtained using PCA + 

Logistic Regression is competitive with that of SVM 

(93.0%) and KNN (93.5%) even after dimensionality 

reduction, demonstrating the model's resilience and 

reliability in high-dimensional data scenarios [1], [5], 

[21], [22]. 

CONCLUSION 

BPES demonstrates the effectiveness of interpretable 

machine learning for real-time cardiovascular risk 

prediction [1], [4], [5], [14]. By combining Logistic 

Regression with PCA and robust preprocessing, it 

achieves high accuracy while maintaining 

interpretability [5], [21], [23].Its rule-based 

hypertension classification enhances clinical relevance 

and decision support [3], [10], [18], [19]. The system 

balances performance with explainability, aided by 

visual tools like ROC curves and feature importance 

plots [4], [5], [14], [17], [23].Deployed via a Flask-

ReactJS web app, it ensures real-time prediction and 

interaction [1], [4], [20].Integration with EHR and 

mobile apps can expand its use across healthcare 

settings [4], [6], [11], [14].BPES holds promise for 

delivering explainable, intelligent cardiovascular 

diagnostics to a wider population [1], [4], [14], [23]. 
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FUTURE SCOPE AND 

ENHANCEMENTS 
 

The Blood Pressure Expert System (BPES) has 

promising potential for future advancements in both 

clinical functionality and user accessibility[7], [12]. A 

significant next step involves integrating real-time 

health data through wearable devices like smartwatches 

and fitness bands. This would enable continuous and 

passive cardiovascular monitoring, supporting early 

intervention strategies.[15], [16], [23] 

 

To further enhance prediction accuracy, future 

iterations should adopt advanced ensemble methods 

such as Random Forest and XGBoost, along with deep 

learning frameworks. These models can process larger, 

more complex datasets and better capture nonlinear 

health patterns. Incorporating explainable AI 

techniques such as SHAP and LIME will help 

healthcare professionals and patients better understand 

the reasoning behind model decisions, fostering trust in 

clinical environments[1], [4], [5], [6]. 

 

On the front end, expanding the system’s accessibility 

through multilingual support and features tailored for 

rural or underserved populations will ensure a broader 

impact. Regulatory approval will require rigorous 

testing on real-world patient data and the conduct of 

clinical trials, crucial for achieving medical 

endorsement.[2], [14], [20] 

 

From a technical standpoint, enhancements to the 

preprocessing pipeline—like standardization, one-hot 

encoding, and dimensionality reduction using PCA—

have already yielded efficient model performance. 

Additional improvements could include polynomial 

feature generation to capture complex interactions and 

SMOTE to address class imbalance in cardiovascular 

datasets.[5], [15], [16] 

 

Model evaluation using ROC curves, learning curves, 

and confusion matrices ensures robust performance 

monitoring[1], [4], [17], [22]. Finally, deploying the 

system using Flask APIs and model serialization 

enables scalability, making BPES a viable clinical 

decision support tool for global health ecosystems[6], 

[9], [20]. 
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