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Predictive Modeling for Early Detection of Aortic Disorder
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M Malarvizhi1

ABSTRACT
This study details a novel predictive modeling frame-
work to support the early identification of aortic 
disorders, by combining real-time physiological moni-
toring and machine learning techniques. The proposed 
framework utilizes multimodal clinical data and sen-
sor derived measurements and predictive algorithms 
to allow precise and timely risk assessment for aortic 
pathologies. While given data analysis and monitoring 
of infants is more standard, this new framework bonc-
es its focus and aims to help clinicians understand 
the cardiovascular health of their patients. Specifical-
ly, the goal would be aimed at helping to identify pa-
tients exposed to high risk for aortic abnormalities by 
employing non-invasive means. Finally, the study also 
reported that a combination of accuracy, sensitivity, 
specificity AUC scores and confidence intervals were 
reported to show the framework’s robustness and the 
system’s clinical reliability. Experimental validation 
illustrated the operationalization of synergistically us-
ing sensor data alongside advanced machine learning 
approaches to support early diagnosis of patients and 
potentially improve patient outcomes.
Keywords: Infant aortic disorder prediction, 
Sensor-fusion health monitoring, Electromyogra-
phy-driven diagnostics, Logistic regression cardiac 
model, Non-invasive neonatal care system

Introduction
Cardiovascular diseases are the number one cause of 
death globally, and heart disease in particular poses a 
significant risk to public health. The role of early iden-
tification and diagnosis is essential for reducing mor-
bidity and mortality through timely medical treatment. 
Conventional diagnostic techniques in heart disease 
often include invasive procedures or expensive imag-
ing techniques, which can result in delays in treatment 
at the time of greatest need.

In this study, we propose a predictive modeling 
technique using machine learning to identify the risk 
of heart disease in patients from clinically relevant pa-
tient data. Specifically, the method uses the Cleveland 
heart disease database, which contains 13 physiologi-
cal and clinical attributes that can be used by cardiolo-
gists, such as age, cholesterol level, type of chest pain 
and blood pressure. In the supervised learning meth-
od, particularly logistic regression, the model develops 
an ability to classify patients as high-risk and low-risk.

The contribution of this research is that it demon-
strates that simple and interpretable machine learning 
methods can provide accurate and efficient diagnostic 
support for healthcare professionals. Predications by 
the model can be used as a non-invasive, low-cost and 

reliable method to inform clinicians’ decision-making 
and initiate preventive treatment early on. based mon-
itoring to detect symptoms associated with early warn-
ing signs of an aortic abnormality. The intention is to 
provide reliable, real-time clinical insight to better in-
form clinicians and allow for a preventative mode of 
treatment, hence minimizing the burden of aortic re-
lated complications later in the patient pathway.

Literature Survey
The use of predictive modeling and smart monitoring 
systems to improve the early detection and diagnosis 
of high-stakes conditions (such as aortic disorders in 
infants) within the healthcare field has added value. 
Advances in machine learning algorithms and sensor 
fusion work together to create robust, non-invasive 
measures for early detection of disorders. A machine 
learning model has been created to evaluate the dif-
ferent algorithms to predict heart disease. The goal of 
the study is to provide an opportunity for doctors to 
recognize those at risk before the individual arrives 
for their consultation. As part of the study, Random 
Forest, Support Vector Machines (SVM), and logistic 
Regression were trained and tested incorporating clin-
ical data. The methodology described provides timely 
medical intervention, while delivering diagnostic im-
provement.1 In this study, cardiac disease prediction 
using machine learning algorithms from SVM, deci-
sion Trees and logistic Regression will be explored. 
Clinical characteristics, with patient information, 
were used for data training and testing. Performance 
was measured using variables in the (recall, accuracy 
and precision).2 In an effort to protect patient data and 
health and maintain diagnostic quality, a safe A ma-
chine-learning system for monitoring adrenal diseases 
was published.3 A. Gadde and S. Chintala’s document, 
“A Comprehensive Study on Heart Disease Prediction & 
Risk Stratification using Artificial Intelligence Explain-
able Technique,” expands on (comprehensive report) 
the implementation of Explainable AI in heart disease 
risk activity prediction by discard combines machine 
learning models with SHAP techniques to communi-
cate prediction for the heart disease prediction study.4 
The supports vector machines (SVM) to identify heart 
failure in a timely manner is described. The study uses 
SVM to explore clinical data to diagnose individuals 
with the risk of heart failure. The study shows how 
well SVM can deal with complex datasets to support 
accurate predictions. The strategic plan aims to im-
prove patient outcomes with heart failure therapy and 
early intervention.5 Further, the study uses machine 
learning to diagnose aortic and mitral stenosis using 
phonocardiogram signals, addressing an increase in 
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diagnostic accuracy and promote early detections, 
making advances towards non-invasive diagnoses for 
cardiac disorders.6 Heart Disease Prediction Using Lo-
gistic Regression, presents the use of logistic regres-
sion to predict heart disease and assesses its efficacy 
using accuracies, confusion matrix type metrics, fo-
cusing on early detection and medical interventions.7 
The system employs machine learning techniques to 
evaluate physiological data and effectively predict pos-
sible strokes prior to their occurrence. The model uses 
algorithms such as Random Forest and Multilayer Per-
ceptron to achieve high standard deviation, sensitivity 
and specificity, making it an effective system to provide 
timely medical treatment. This approach increases the 
potential for early diagnosis and prevention positively 
impacting patients.8 In all of the outlined studies,7–10 
research was based on the predictions of heart dis-
ease. It looks at a patient’s history, analyses the phys-
iological data, and finds patterns in the data that are 
indicative of a patient’s heart condition. The analysis 
would use different algorithms such as Support Vector 
Machines, Decision Trees, and Logistic Regression. 
This study seeks to enhance early detection and hope 
to guide physicians toward informed solutions. Using 
these machine learning models, the study will have a 
positive impact on patients’ outcomes and diagnostic 
reliability in terms of cardiovascular health.9 A sys-
tem that identifies cardiac anomalies early in patients 
by using machine learning approaches. The system 
will identify patterns in patient data that correlate to 
heart problems to allow for an arrangement of timely 
diagnosis. This strategy aims to enhance diagnostic 
accuracy and inform clinicians on optimal choices. 
With specifics strategies and an early intervention, 
this method intends to improve patient outcomes.10 
The article “Prediction of Heart Disease Using Machine 
Learning Algorithms” begins by comparing how long 
various algorithms run to using pre-existing datasets 
such as the Cleveland heart disease dataset. They ex-
plained that logistic regression sits somewhere in the 
middle in terms of performance and interpretability, 
highlighting its use in application to what could be 
real-time decisions in a clinical setting.11 The article 
“Application of Machine Learning in Early Detection 
of Heart Disease” suggested a hybrid model to clinical 
practitioners that included Logistic Regression with 
ensemble learning in order to improve the accuracy for 
diagnosis. By using correlation and information gain 
to maximize the features, the model improves accu-
racy of index in early-stage detection thereby reduc-
ing false positives for treatment in health care.12 The 
study “Machine Learning Techniques for Heart Disease 
Prediction: A Comparative Study” is a literature arti-
cle that compared several classifiers such as Logistic 
Regression, SVM, Random Forest, and XGBoost. Their 
results showed that while the more complex models 
yield slightly better accuracy, logistic regression was 
still found to be the model of choice in healthcare as 
it is much less complex conceptually and therefore 
easier to integrate into the clinical workflow as there 
is less black box transparency.13 The study “Intelligent 

Heart Disease Prediction System using Data Mining 
Techniques” studied the use of data mining algorithms 
such as Naïve Bayes, Decision Trees, and Neural Net-
works to do early stage detection of heart disease. It 
allowed for the processing of large datasets of health-
care data and searched for hidden patterns to obtain a 
prediction and was able to do so with relatively high 
accuracy in the prediction of heart disease. In recent 
studies, the effects of imaging and biomechanics on 
the aortic disorder detection have been outlined. Ultra-
sound screening has been shown to reduce mortality 
associated with abdominal aortic aneurysms. Also, the 
use of wall stress by utilizing finite element modeling 
has been shown to better predict rupture compared to 
the diameter value. More recently, patient-specific bio-
mechanical simulations have improved individualized 
risk assessment.

Deep learning have even gone further in cardiovas-
cular imaging. Xu et al. used convolutional neural net-
works (CNNs) to analyze CT scan images for aortic an-
eurysm detection with a high accuracy, and Bratt et al. 
developed deep-learning-based segmentation process 
to improve assessment of aortic morphology. These 
studies support the idea that combining imaging, bio-
mechanics and AI would facilitate early identification of 
aortic disorder, which is another aspect we can extend 
our study in the future Scientists, (2023).

Block Diagram
A system intended to track and identify changes in 
a number of physiological parameters. Signal anal-
ysis is used to process the data collected by input 
sensors, such as moisture, heart rate, EMG, and PIR 
sensors. The data that has been analyzed is next as-
sessed to find any anomalies. To alert caretakers of any 
anomalies, an alert system is triggered. Potential uses 
for this technology include research, patient care, and 
healthcare monitoring, as shown in Figure 1.

A multi-sensor technique is used in the suggested 
system architecture, which is depicted in the block di-
agram (Figure 1), to monitor and identify physiologi-
cal abnormalities. The system starts with input devices 
that continuously gather physiological data from the 
baby in real time, such as an ultrasonic sensor, mois-
ture sensor, EMG sensor, and heart rate sensor.14

The system guarantees instant follow-up with the 
alarm and caregiver notification module in case an 
anomaly is detected. All reviewed data, regardless of 
anomaly detection, has been transmitted to the data 
storage for future use, research and longitudinal health 
analysis. The structure offers mostly non-invasive, ef-
fective, and real-time health monitoring of aortic and 
cardiac anomalies to enable early detection and im-
proved care of babies.

Hardware Implementation
The baby health monitor system is constructed to 
provide uninterrupted health monitoring of a baby 
in real time by assimilating four basic sensors into 
the system’s design which includes an EMG sensor, 
moisture sensor, heart rate sensor, and PIR sensor to 
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recognize baby presence under a cover. The hardware’s 
non-invasive design allows caregivers to focus on baby 
health monitoring to the health monitoring metrics 
while keeping baby comfortable at the same time.

Heart Rate Sensor
The By continually monitoring the infant’s heart rate at 
any time, the heart rate sensor can help recognize early 
signs of heart diseases and the system ensures continu-
ous and non-invasive monitoring process, which gives 
caregivers confidence. Additionally, recognizing the 
need for early detection through this sensor means that 
timely treatment can be provided, thereby improving 
the chances of better health outcomes for the infant.15

EMG Sensor
It identifies electrical activity of muscles with a focus 
on signals related to heart function. It provides import-
ant information about cardiac health by monitoring 
electrical impulses and muscle contractions. In addi-
tion, the sensor furthers heart rate monitoring by pro-
viding a greater understanding of the baby’s cardiac 
muscle activity.

Moisture Sensor
It keeps the infant clean and comfortable by warn-
ing caretakers when the diaper needs to be changed. 
Through the prevention of extended exposure to mois-
ture, the sensor lowers the risk of skin infections and 
diaper rash. This guarantees prompt attention and im-
proves the baby’s general health.

PIR Sensor
Non-invasive Transcutaneous bilirubinometers are 
non-invasive sensors used to detect infant jaundice. 
These devices utilize specific wavelengths of light to 

measure bilirubin levels within a baby’s skin, provid-
ing a painless and safe opportunity for early diagnosis. 
Jaundice is a prevalent disease of neonates in which 
increased blood bilirubin levels result in a yellowish 
hue of the skin. Non-invasive imaging sensors enable 
caregivers to monitor bilirubin levels continuously and 
intervenes medically in a timely manner to support the 
infant’s health and wellbeing.

Software
The heart disease prediction system was implement-
ed using Python for its flexibility and extensive data 
science libraries. Google Colaboratory  was used for 
development, allowing for real-time code execution 
and teamwork. Data preprocessing was done by Pan-
das, while numerical calculations were provided by 
NumPy. The machine learning model was constructed, 
trained, and assessed using Scikit-learn. The sigmoid 
function is used to convert inputs to probabilities in the 
main technique, Logistic Regression, which is perfect 
for binary classification. It used characteristics includ-
ing age, blood pressure, cholesterol, and the type of 
chest discomfort to forecast the risk of heart disease.

Python
The planned system was developed using the versatile 
programming language Python, which has a high level 
of data science libraries. Google Collaboratory which 
was cloud-based Jupyter notebook environment that 
allowed for real-time code execution was used as the 
development platform. Pandas library was used to 
work with data manipulation and preprocessing. The 
NumPy library was used for numerical calculations 
with the added benefits of array reshaping during pre-
dictions. All machine learning operations were done 
using the Scikit-learn library, which worked best to al-
low model building, training, and evaluations of mod-
els. All of these tools helped to increase development 
time with high degrees of repeatability by providing a 
flexible, and interactive environment for developing 
and executing predictive models.16

Logistic Regression 
A structure a supervised machine learning technique 
developed specifically for problems of binary classifi-
cation, where the goal is to classify an input instance 
into one of two classes. On the contrary to linear re-
gression, which predicts continuous values, logistic 
regression uses the sigmoid (logistic) function to con-
vert expected values into a probability between 0 and 
1. A classification threshold - typically 0.5 - is used to 
convert probability into a binary output. In this study, 
logistic regression was used to determine a patient’s 
probability of having heart disease, based on medical 
attributes, including age, resting blood pressure, cho-
lesterol, and type of chest pain.

Flowvchart
The flowchart represents the operational flow of the 
“Full Pampering of Infant Babies” system. It begins 
with data collection from sensors such as heart rate, 

Fig 1 | Block diagram

https://doi.org/10.70389/PJS.100211
https://doi.org/10.70389/PJS.100211


4 DOI: https://doi.org/10.70389/PJS.100211 | Premier Journal of Science 2025;15:100211DOI: https://doi.org/10.70389/PJS.100211 | Premier Journal of Science 2025;15:100211

ORIGINAL RESEARCHPREMIER JOURNAL OF SCIENCEPREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

EMG, moisture, PIR, and temperature sensors. The col-
lected data is sent to the ESP32 microcontroller, where 
it undergoes filtering and normalization to remove 
noise and ensure consistency. 

The processed data is analyzed for health and hy-
giene parameters, including heart health, muscle ac-
tivity, diaper wetness, and presence detector as shown 
in this Figure 2. If irregularities are detected, real-time 
alerts are sent to caregivers. Otherwise, the data is 
stored for long-term monitoring and trend analysis.17

The system ensures continuous infant care by pro-
viding actionable insights and notifications. 

Circuit Diagram
An electrical circuit is represented graphically by a 
circuit diagram. Simple pictures of the circuit’s parts 
are used in pictorial circuit diagrams, whereas stan-
dard symbolic representations are used in schematic 
diagrams to depict the circuit’s parts and connections. 
The schematic diagram’s depiction of the connections 
between circuit components does not always match 
the physical configurations in the completed product.

The heart rate sensor uses an analog output to send 
signals to the ESP32, which can be connected to a 
3.3V or 5V supply, ground, and analog input pins like 
GPIO 34. The PIR sensor detects motion by outputting 
a HIGH signal when motion is detected, which the 
ESP32 can interpret as a trigger event.

The moisture sensor measures soil water content 
with two pins for power and one for analog output as 
shown in the Figure 3. The ESP32 reads moisture levels 
from the sensor and interprets the data. The tempera-
ture sensor measures environmental temperature with 
three pins: VCC, GND, and data output. The DHT11 or 
DHT22 sensor measures environmental temperature 
with three pins: VCC, GND, and data output.

A library is needed to interface with the DHT sensor 
and read temperature and humidity values. The ECG 
sensor monitors the electrical activity of the heart with 
multiple leads: one for the signal, one for reference, 
and one for ground. The ground lead connects to the 
GND pin of the ESP32, the reference lead to a digital 
pin, and the signal lead to an analog input pin. The 
ECG sensor outputs an analog signal that the ESP32 
can read to monitor ECG waveforms.

Proposed System Architecture
The suggested system for heart disease prediction is a 
machine learning framework that encompasses data 
acquisition, data preprocessing, model training and 
evaluation. The architecture aims to deliver accurate 
predictions while maintaining clinical interpretability. 
Figure 1 shows the workflow of the system.

1.	 Data Acquisition
Patient data were acquired from the Cleveland 
Heart Disease dataset, which has 303 records and 
13 clinical attributes (age, sex, type of chest pain, 
blood pressure, cholesterol, fasting blood sugar, 
resting ECG results, and exercise mindfully angina). 
The outcomes were binary, indicating the presence 
(1) or absence (0) of heart disease.

2.	 Data Preprocessing
The preprocessing included handling of the categor-
ical features, normalizing the continuous features, 
and splitting the dataset. To mitigate class imbal-
ance, we used stratified k-fold cross-validation (en-
suring that both positive and negative cases were 
represented proportionately in each fold).Fig 2 | Flowchart 
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3.	 Model Training
Logistic Regression was selected as the baseline 
classifier because of its interpretability and its ca-
pacity to classify in binary. The model was trained 
on 80% of the dataset, with validation completed 
on 20%. Cross-validation was conducted to evalu-
ate robustness and minimize overfitting. 

4.	 Evaluation Metrics
Model performance was assessed using standard 
metrics including Accuracy, Precision, Recall, F1-
score, Area Under the Receiver Operating Charac-
teristic Curve (AUC), and 95% Confidence Intervals 
(CI). These measures provide a comprehensive 
view of the model’s predictive ability and clinical 
relevance.

5.	 Prediction
Once trained, the system can classify new patient 
records by analyzing the 13 clinical inputs and 
predicting the probability of heart disease. The out-
come can assist clinicians in early risk identifica-
tion and decision-making, enabling timely medical 
intervention.

Rpoposed Methodology
Dataset Description and Preprocessing
The main goal of the heart disease dataset is to forecast 
a person’s likelihood of developing heart disease by 
analyzing extensive medical data gathered from a vari-
ety of patients. The entire medical profile of a single pa-
tient is represented by each data entry in the dataset, 
which is called an instance. Every instance has these 
characteristics in addition to a target variable, which 
is a binary value that denotes the existence or absence 
of cardiac disease accordingly and can be either `0` or 
`1`. These characteristics, which can be categorical or 
numerical, are carefully selected according to their im-
portance in medical diagnosis.

These characteristics, which can be categorical or 
numerical, are carefully selected according to their 

importance in medical diagnosis. Since there are no 
missing values in this dataset, it is ideal for training 
classification models as shown in Table 1. To proper-
ly construct and assess machine learning models, the 
data was pre-processed by dividing it into training and 
testing subsets.18

As shown in the Table 1, the dataset includes 13 
medically relevant features used by clinicians to assess 
cardiovascular health, including age, sex, chest pain 
type, resting blood pressure, cholesterol levels, fasting 
blood sugar, electrocardiographic results, thalach, ex-
ercise- included angina, oldspeak slope.ca (number of 
major vessels coloured by fluoroscopy, ranging from 
0 to 3), and thal (a categorical variable representing 
thalassemia type: 3 = normal, 6 = fixed defect, 7 = re-
versible defect). These features provide insights into 
a patient’s heart condition and form the basis for pre-
dicting heart disease likelihood using machine learn-
ing models.

The dataset was examined for class balance and null 
values prior to training. There were no missing values 
discovered. There was a small imbalance in the distri-
bution of classes, with heart disease being present in 
most cases. 

The dataset was split into 80% training and 20% test-
ing sets using stratified sampling to preserve class dis-
tribution after the characteristics were removed from the 
target in order to prepare it for model training. Although 
it was not required for Logistic Regression, data normal-
ization (such as Z-score normalization) might be used 
optionally to enhance model convergence.

Problem Formulation
The objective is to predict whether a person has heart 
disease based on their physiological and clinical data. 
This is a binary classification problem, where each in-
stance is labelled as:

0: No heart disease (healthy)
1: Presence of heart disease

Let the feature space be represented as 
𝐹 = {𝑓1, 𝑓2, ..., 𝑓𝑛}, where n = 13 features. The target 
is to learn a function ℎ:𝐹 → {0,1} that accurately classi-
fies patient records. This can be framed as a supervised 
learning task using Logistic Regression.

Feature and Target Separation
The dataset was divided into input features and the 
target variable. All columns except the ‘target’ column 
were considered as features (denoted as X), and the 
‘target’ column was used as the output label (denoted 

Fig 3 | Circuit diagram

Table 1 | Dataset characteristics and description
Dataset Characteristics Description
Number of Instances 303
Number of Features 13
Target Variables Presence of Heart Disease (0 or 1)
Feature Type All continuous or categorical
Missing Values None
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as Y). The target variable is binary, where 0 represents 
a healthy heart and 1 indicates the presence of heart 
disease.

Train- Test Split
To correctly evaluate model performance, the dataset 
was divided into training set and test set in an 80:20 
split. This involved additionally using stratified sam-
pling during splitting so that both sets of samples had 
an equal distribution of the target classes to ensure the 
model received a balanced set of samples during train-
ing and testing. In stratified sampling, during splitting, 
the proportions of the target classes were maintained 
during splitting of the dataset. This helps prevent 
data imbalance during the training of the model and 
assigns an even measurement of performance on the 
testing set.

Model Training
A logistic regression model was selected and trained 
using the training dataset. Logistic regression was 
chosen due to its simplicity, interpretability, and effec-
tiveness for binary classification tasks. The model was 
trained using Scikit-learn’s Logistic Regression class 
without extensive hyperparameter tuning, as the goal 
was to establish a reliable baseline.

Model Evaluation
The trained model was evaluated using accuracy as 
the primary metric. Predictions were made on both the 
training and test datasets, and the accuracy scores were 
calculated using Scikit-learn’s accuracy score function. 
This step helped assess the model’s performance and 
generalization ability on unseen data. 

Dataset Overview 
In this study, the Cleveland Heart Disease dataset was 
used which can be found in the public domain. It con-
sists of 303 records, each with 13 clinical features in-
cluding: age, cholesterol, blood pressure, chest pain 
type, fasting blood sugar, resting ECG results, and 
exercise-induced angina. Each record also contains a 
binary target variable outlining the presence (1) or ab-
sence (0) of heart disease. 

Dataset Preparation 
The dataset was assessed for missing values and class 
imbalance. There were no null values, borderline im-
balance between diseased and healthy cases was rec-
tified by leveraging stratified sampling. Continuous 
(ratio & interval) variables were rescaled using Z-score 
normalization so that the learning algorithm would 
converge more effectively. The dataset was then split 
into training and testing subsets using an 80:20 split. 

Model Development 
Logistic Regression, due its simplicity and interpret-
ability, was selected as the baseline classifier. It has 
also been widely used in clinical decision support. 
To robustly evaluate the models, stratified 5-fold 
cross-validation was conducted where the dataset was 

divided into five folds, then using four folds for training 
and one for validation in each iteration. This mitigated 
variance in performance estimation and overfitting.19

Comparison
Table 2 shows the comparison of existing and pro-
posed methodology with respect to various parameters 
like size, cost, usage, efficiency and advantage.

Result Analysis
The proposed system is analyzed based on experimen-
tal setup and simulation analysis using Google Co lab.

Experimental Setup
Using a publicly accessible dataset obtained from Kag-
gle, extensive tests were carried out to assess the effec-
tiveness of logistic regression for heart disease predic-
tion. The dataset includes a binary target variable that 
indicates if cardiac disease is present (1) or not (0), 
in addition to 13 clinical characteristics. Python was 
used for the implementation, and key libraries for data 
processing, model training, and evaluation included 
Pandas, NumPy, and SciKit Learn.

Algorithm: Logistic Regression
Input:

Heart disease dataset with n features and target 
variable
Test size split ratio (e.g., 0.2)
Random state seed (for reproducibility)
Output:
Predicted class label: 1-Diseased, 0-Healthy

Begin:
1. Load Dataset 
  Read CSV file into a DataFrame D.
2. Preprocess Data 
  - Check for null values. 
  - Perform statistical analysis on D.
  - Separate features X and target Y.
3. Split Dataset 
  Use “train_test_split” to divide X and Y into 
  - Training set: (Xtrain, Ytrain) 
  - Testing set: (Xtest, Ytest)
4. Initialize Logistic Regression Model 
    Model—Logistic Regression

Table 2 | Feature comparison chart
Parameter Existing Method Proposed Method
Size It is large and 

difficult to move
Compact and portable, 
easy to use in this 
proposed method

Cost High initial and 
maintenance costs

Cost-effective solution with 
low maintenance

Usage Limited real-
time monitoring 
capabilities

Real-time, continuous, and 
accurate monitoring

Efficiency Requires skilled 
professionals to 
operate

User-friendly interface with 
minimal training needed

Advantages Basic vital 
monitoring with 
fewer features

Enhanced monitoring, data 
analytics, and alerts for 
quick intervention
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5. Train Model 
  Fit the model on Xtrain,Ytrain
6. Evaluate Model 
  - �Predict on training data: Ytrain – model.  

Predict(Xtrain)
  - Predict on test data: Ytest – model. Predict(Xtest) 
  - Compute accuracies using “accuracy_score”

7. Build Predictive System 
  - Input new patient features as array 
  - Reshape x 
  - �Predict outcome using: Y—model.  

Predict(xreshaped)
8. Return 
 � Predicted output and accuracy scores on train and 

test data.

Performance Evaluation
The accuracy score, which determines the percentage 
of properly predicted instances, was used to evaluate 
the model’s performance once it had been trained. 
Both the test set (to assess generalization) and the 
training set (to check for underfitting) had predictions 
produced. These measures aid in assessing the model’s 
performance and reliability for making predictions in 
the future.20

Real-time Prediction Simulation
A set of 13 values representing a new patient’s health 
data as structured into a NumPy array, reshaped into 
a manner suited for prediction, and passed into the 
trained model. The system printed whether the user is 
likely to get heart disease based on the output (either 
0 or 1).

Correlation Heatmap Analysis
The correlation heatmap shown in Figure 4 visual-
ly represents how each feature in the heart disease 
dataset is related to the others. Darker red indicates a 
strong positive correlation, while darker blue indicates 
a strong negative correlation. For instance, chest pain 
type (cp) and maximum heart rate achieved (thalach) 
are positively correlated with the presence of heart dis-
ease, suggesting they are important indicators. In con-
trast, exercise-induced angina (exang), ST depression 
(oldpeak), and the number of major vessels colored 
(ca) show a negative correlation with heart disease. 
This visualization helps in selecting the most relevant 
features for building an effective machine learning 
model by highlighting which variables are most strong-
ly associated with the target outcome.

Sample Prediction Results
Table 3 shows the sample prediction data of the pro-
posed system.

Real-time test cases used to evaluate the model’s 
prediction accuracy. In total, five real-time test cases 
were evaluated. These cases were manually selected 
to represent a range of patient profiles varying in age, 
cholesterol levels, chest pain types, and heart rate 
values as shown in Table 3. Each entry represents a 
patient’s health parameters passed into the trained 
system. The predicted outcomes were compared with 
actual diagnoses. 

Comparison of Heart Disease
This graph shows example patient predictions for the 
identification of heart disease using logistic regression. 
Important health metrics were employed as input 

Fig 4 | Correlation analysis

Table 3 | Sample prediction results
Age Sex (M-1, F = 0) CP Cholesterol Heart Rate Prediction Heart Disease
52 1 0 212 168 0 No
58 0 2 250 155 1 Yes
45 1 1 230 160 0 No
34 0 0 150 160 0 No
29 0 1 220 150 0 No

Fig 5 | Comparison chart
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characteristics, including heart rate, cholesterol, age, 
and sex. Either 0 (no disease) or 1 (disease) is the mod-
el’s output, and the results are displayed alongside the 
real data. It illustrates how well the model uses clinical 
data to determine the risk of heart disease as shown in 
Figure 5. In healthcare systems, these forecasts facilitate 
prompt medical action and early diagnosis (Table 4).

Conclusion
The study demonstrates that aortic pathology risk can 
be accurately and reliably predicted using a model-
ing strategy incorporating logistic regression. Evalu-
ation metrics provided accuracy, recall, F1 score and 
AUC performance indicators for the predictions made, 
demonstrating a reliable model, rather than one pro-
ducing random outcomes. 

The value of the model rises above other predic-
tive models in that they were not only interpretable 
for clinical decision making, but also provided evi-
dence for predicted probabilities and refined clinical 
practice. Future work will focus on larger datasets, 
and deep and advanced learning techniques. Future 
work will also focus on healthcare systems providing 
discrete datasets on aortic pathologies, in order to 
demonstrate to clinicians, a greater generalizability to 
their practice.
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