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Abstract 

Cardiovascular disease (CVD) remains a leading cause of death worldwide. Conventional machine-

learning methods such as Support Vector Machines (SVM), K-Nearest Neighbors (KNN), and Logistic 

Regression have been widely used for CVD prediction, but their performance can vary across clinical 

datasets. In addition, many prediction systems do not incorporate environmental determinants such as 

air pollution. This study presents a deep-learning framework based on an Artificial Neural Network 

(ANN) and integrates real-time Air Quality Index (AQI) data into a mobile application. After 

preprocessing and comparative evaluation, the ANN trained on a 303-record clinical dataset achieved 

a test accuracy of 88.81%. A React Native application provides location-based AQI alerts, while a 

FastAPI backend handles prediction requests. The resulting system combines clinical prediction with 

environmental context to support accessible, real-time cardiovascular risk assessment. 

Index Terms— Cardiovascular disease, artificial neural networks, mobile applications, Air Quality 

Index, machine learning, deep learning. 

INTRODUCTION 

Cardiovascular disease (CVD) is a major global cause of mortality and disability [1], [2]. Common 

forms include coronary heart disease, hypertension, and cerebrovascular disease [3]. Established risk 

factors include age, sex, smoking, diet, physical inactivity, high blood pressure, diabetes, and elevated 

cholesterol [4]. Large international studies also show that many cardiovascular events are associated 

with modifiable behavioural and lifestyle factors [5]. 
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Recent research has broadened this view to include environmental determinants. Air pollution, 

temperature variation, noise, and other exposures can contribute to cardiovascular risk through 

mechanisms including inflammation, oxidative stress, and autonomic imbalance [6]–[9]. Air pollution 

is of particular interest because particulate matter, nitrogen dioxide (NO ), and ozone (O )2 3 can affect 

cardiovascular function, with both short- and long-term exposure associated with adverse outcomes [ 

9]–[13]. The Air Quality Index (AQI) provides a practical way to communicate ambient air-quality 

conditions to the public [10]. 

Artificial intelligence (AI) has also become increasingly important in cardiovascular risk prediction. 

Traditional classifiers, ensemble methods, and neural networks have been evaluated on structured 

clinical datasets, with performance depending strongly on feature selection, preprocessing, dataset size, 

and validation strategy [17]–[24], [27]–[39]. However, most published prediction systems focus 

primarily on clinical variables and do not provide environmental information directly to end users. 

This study therefore develops an ANN-based CVD prediction system and integrates it with real-time 

AQI information in a cross-platform mobile application. The main contributions are: 

• A deep-learning CVD prediction model trained andevaluated on a clinical dataset. 

• Integration of real-time AQI information to provideenvironmental context. 

• A React Native mobile application connected to a FastAPIprediction service. 

• An age- and AQI-based alert mechanism for users inpredefined higher-risk age groups. 

Related Work 

LITERATURE REVIEW 

Recent literature shows three closely related research directions: machine-learning prediction of CVD, 

integration of environmental variables, and deployment of prediction models in interactive or real-time 

systems. Reviews and comparative studies report extensive use of Logistic Regression, KNN, SVM, 

Random Forest, boosting methods, and neural networks [17]–[24], [27], [32], [36]–[39]. These studies 

generally emphasize preprocessing, feature selection, hyperparameter optimization, and model 

comparison rather than a single universally superior classifier. 

Environmental variables are increasingly recognized as relevant predictors. Sianga et al. [28] reported 

improved predictive performance when geographical and environmental variables were added to 

clinical and demographic features. Reviews of environmental cardiovascular risk also identify 

particulate matter, ozone, carbon monoxide, nitrogen dioxide, sulfur dioxide, heavy metals, pesticides, 

temperature, and other exposures as potentially important factors [9], [14], [41], [43]. These findings 

support incorporating environmental context into user-facing cardiovascular risk systems. 

Hybrid and ensemble approaches have produced strong results on several benchmark datasets [33]–

[39]. However, reported accuracies vary substantially because studies use different datasets, 

preprocessing procedures, feature sets, and evaluation protocols. Consequently, accuracy values from 

separate studies should not be interpreted as directly comparable. Real-time systems have also 

demonstrated the feasibility of combining monitoring, machine learning, and user interfaces [25]. 

Cross-platform frameworks such as React Native and Flutter further reduce the development burden for 

mobile health applications [14]. 

The literature therefore indicates a gap between high-performing offline prediction studies and practical 

systems that combine clinical prediction with real-time environmental information. This work addresses 

that gap by linking an ANN model to a mobile interface and an external AQI service. The emphasis is 
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on system integration and usability rather than on claiming universal superiority over all existing 

algorithms. 

METHODOLOGY 

Dataset Description 

Three datasets were initially considered: two from the UCI repository and one from Kaggle. The final 

model used a UCI dataset containing 303 records and 14 attributes. The dataset contained 165 positive 

cases (54.3%) and 138 negative cases (45.7%). Exploratory analysis and correlation inspection were 

performed before model training. 

Table 1  

CVD status 

 

Proportion 

CVD present (1) 165 54.3% 

CVD absent (0) 138 45.7% 

Total 303 100% 

 

Figure 1 

Model Comparison and Hyperparameter Tuning 

Logistic Regression, KNN, SVM, and ANN were evaluated using the same clinical dataset. Baseline 

classifiers were first tested without tuning and then re-evaluated after hyperparameter optimization. 
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 TABLE II. MACHINE-LEARNING ACCURACY BEFORETABLE II. MACHINE-

LEARNING ACCURACY BEFORE TUNING 

MACHINE-LEARNING ACCURACY BEFORE TUNING 

TUNING 

 

Model Train accuracy Test accuracy 

Logistic Regression 85.78% 86.81% 

KNN 88.62% 86.81% 

SVM 92.41% 87.91% 

 TABLE III. MACHINE-LEARNING ACCURACY AFTERTABLE III. MACHINE-

LEARNING ACCURACY AFTER TUNING 

MACHINE-LEARNING ACCURACY AFTER TUNING TUNING 

 

Model Train accuracy Test accuracy 

Logistic Regression 85.30% 87.91% 

KNN 81.04% 84.61% 

SVM 86.25% 87.91% 

Data Preprocessing 

Missing values and duplicate records were removed. Categorical variables were numerically encoded, 

and numerical features were standardized using StandardScaler to obtain zero mean and unit variance. 

The processed dataset was divided into training and testing subsets using an 80:20 split. The workflow 

is shown in Fig. 3.Fig. 2. 

 

Fig. 2. Workflow of the predictive model. 

Artificial Neural Network Architecture 

The ANN was implemented using TensorFlow and Keras. The input layer represented 13 clinical 

characteristics, followed by two hidden layers using ReLU activation and an output layer using sigmoid 

activation for binary classification. The Adam optimizer and binary cross-entropy loss were used. 
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Hyperparameters included the learning rate, batch size, and number of neurons in the hidden layers. 

The selected ANN achieved 88.18% training accuracy and 88.81% test accuracy. 

Hyperparameter Optimization 

A grid-search strategy evaluated learning rates of 0.0005 and 0.001, batch sizes of 16 and 32, and 

different hidden-layer configurations. Training was limited to 100 epochs, with early stopping used to 

reduce overfitting. 

 TABLE IV. HYPERPARAMETER CONFIGURATIONS ANDTABLE IV. 

HYPERPARAMETER CONFIGURATIONS AND VALIDATION 

HYPERPARAMETER CONFIGURATIONS AND VALIDATION 

ACCURACYVALIDATION ACCURACYACCURACY 

 

Le     acy 

arning rate Batch size Hidden layers Validation accur 

0.001 16 [32, 16] 85.3% 

0.001 32 [16, 8] 87.2% 

0.0005 32 [16, 8] 88.1% 

System Architecture and Mobile Application Integration 1) Backend Architecture 

The backend was developed in Python using FastAPI. The trained TensorFlow/Keras model was 

exported and served through a REST API. During development, the API was hosted on a local machine 

and accessed by the mobile application through the machine's local IP address. 

 

Fig. 3. Application architecture. 

Frontend and Mobile Integration 

A React Native application allows users to enter clinical parameters and receive predictions. React 

Navigation manages screen transitions, while the Fetch API handles HTTP requests. The interface also 

presents environmental alerts when the predefined AQI and age conditions are satisfied. 

 

Fig. 4. Mobile application user interface. 
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Environmental Risk Comparator 

The system retrieves AQI information through an external air-quality service. A warning is triggered 

when AQI exceeds 150 and the user's age is below 15 or above 60. The rule is intentionally simple and 

is used as an environmental alert rather than as a clinical diagnosis. 

TABLE V. 

ENVIRONMENTAL RISK TRIGGER CONDITIONS 

AQI level Age group Risk flag 

AQI ≤ 100 Any Normal 

100 < AQI ≤ 150 <15 or >60 Moderate risk 

AQI > 150 <15 or >60 High risk (alert) 

AQI > 150 15–60 Moderate risk 

 

Risk rule: High risk if AQI > 150 and (Age < 15 or Age > 60); otherwise, Normal. 

Application and Model Flow 

The mobile application sends clinical inputs to the FastAPI service as JSON. The server preprocesses 

the data, retrieves AQI information, invokes the ANN model, and returns the prediction to the 

application. The sequence is illustrated in 

Fig. 5 

 

 

Fig. 6 
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PRODUCT TESTING AND EVALUATION 

Testing focused on input validation, backend communication, model inference, network configuration, 

and end-to-end operation. The application verifies data types and required fields before submitting 

requests. Early communication problems caused by using localhost from an Android device were 

resolved by using the host machine's local IP address and configuring the required Android manifest 

setting. 

The model was also tested using known dataset samples. The application returned predictions consistent 

with the expected labels for the tested samples. AQI alerts were validated by simulating locations with 

AQI values above the configured threshold. 

 

Fig. 7. Input-validation alerts. 

 

 

Fig. 8. Network error caused by an incorrect localhost configuration. 

Input Validation 

 

 TABLE VI. INPUT VALIDATION RULES TABLE VI. INPUT 

VALIDATION RULES 

 

    

Field Validation rule 

Age Integer, > 0 

Sex Binary: 0 (female), 1 (male) 
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Cholesterol Integer, non-negative 

Chest pain type Integer (0–3) 

Exercise-induced angina Boolean (0 or 1) 

Backend Response Verification 

POST requests from the mobile application were checked using backend logs. JSON payloads were 

parsed successfully, preprocessing was executed, and predictions were returned with an average 

response time of 2.1 s. 

End-to-End Functionality 

Test ID Condition Expected output Result 

T1 Normal clinical + AQI ≤150 Low risk, no alert Pass 

T2 High-risk clinical + AQI ≤150 High risk, no alert Pass 

T3 Low-risk clinical + AQI >150 Low risk + AQI alert Pass 

T4 High-risk clinical + AQI >150 High risk + AQI alert Pass 

T5 Missing age Input error alert Pass 

 

Mobile Performance 

The application loaded in under 2 s during testing, and prediction results were displayed with minimal 

delay. The interface was responsive across Android devices with different screen resolutions. 

 

 

Fig. 9. Model validation using a dataset sample entered through the mobile application. 

RESULTS AND DISCUSSION 

Model Evaluation Metrics 

The ANN achieved a test accuracy of 88.81%, with precision of 86.70%, recall of 91.20%, and an F1-

score of 88.90%. 

 

TABLE VIII. ANN MODEL PERFORMANCE METRICS 
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Comparison with Traditional Classifiers 

For consistency, the final comparison below reports the tuned test accuracies from Table III alongside 

the selected ANN result. This avoids mixing results from different experimental configurations. 

 

TABLE IX. FINAL TEST ACCURACY COMPARISON 

Classifier 

 

 

 

 

Under the reported experimental configuration, the ANN obtained the highest test accuracy among the 

evaluated models. Because the datasets, preprocessing procedures, and validation protocols differ 

across published studies, these results should be interpreted as an internal comparison rather than as 

evidence of superiority over all prior work. 

 

Fig. 10. Confusion matrix for the ANN CVD classifier. 

Integration of Environmental Data 

The application supplements the clinical prediction with real-time AQI information. When the 

configured AQI threshold is exceeded, the application presents an environmental alert according to the 

age-based rule in Table V. This provides contextual information alongside the model prediction rather 

than treating AQI as a replacement for clinical assessment. 

Application Alert Response 

After the user submits clinical parameters, the FastAPI service preprocesses the data and returns the 

ANN prediction. The mobile interface displays the result as an alert containing the prediction outcome 

and a recommendation to seek medical advice when appropriate. 
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Fig. 11. Mobile application showing the model prediction and alert. 

LIMITATIONS 

The study has several limitations. First, the clinical dataset contains only 303 records, which limits 

generalizability to larger and more diverse populations. Second, the environmental component is limited 

to AQI; additional variables such as temperature, physical activity, and smoking status were not 

integrated because of data-availability constraints. Third, the application has not been evaluated in 

prospective clinical trials. Further validation is therefore required before conclusions about real-world 

clinical effectiveness can be drawn. 

CONCLUSION AND FUTURE WORK 

This study presented a deep-learning-based mobile application for CVD risk prediction using clinical 

parameters and real-time AQI information. The ANN achieved a test accuracy of 88.81% on the selected 

303-record dataset, while the application provided an integrated interface for clinical prediction and 

environmental alerts. The system demonstrates how a prediction model can be connected to a mobile 

interface and an external environmental data service. 

Future work will focus on larger and more diverse datasets, additional lifestyle and environmental 

predictors, prospective validation in real-world clinical settings, and integration with wearable health-

monitoring devices. Multilingual and region-specific interfaces could also improve accessibility. 
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