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Abstract

Improved treatment results and a lower chance of imminent patient death are made possible by early identification of cardiac
disease. This study uses the TabNet architecture and the UCI to introduce a revolutionary deep learning method for reliably
predicting heart disease. Cleveland Heart Disease Dataset. The data preprocessing is performed in an organized manner,
involving the treatment of missing values, removal of duplicates, feature selection based on correlation, and standardization.
The TabNet model aims to leverage sequential attention to learn interpretable features and train efficiently. According to
experiment analysis, the provided model performs better, with an accuracy of 99.67%, recall of 99.97%, precision of 99.98%,
and F1-score of 99.96%. The artificial neural network (ANN), logistic regression (LR), and support vector machine (SVM)
accuracies are 90.40%, 86.80%, and 89.93%, respectively, when the model's performance is compared to that of traditional
classifiers. Results indicate that TabNet is a viable solution that could be used in detecting early heart disease in a clinical
context in an automated way and still achieve high scores compared to classical models, which do not provide any insight into
the interpretation of a managed model.

Keywords: heart disease prediction, Heart disease UCI Cleveland dataset, Machine learning, TabNet, Deep learning, artificial

intelligence.

1. Introduction

The timely diagnosis and treatment of illnesses is an essential
element of contemporary medicine because it contributes to a
much better prognosis to patients and reduces the lifetime cost
of medical care. The early detection enables clinicians to adopt
preventive or remedial measures in time before conditions reach
dangerous levels [1]. This is most necessary while addressing
long-term conditions like cardiovascular diseases (CVDs),
which continue to be the world's leading cause of death [2]. The
large numbers of mortality and morbidity rates attributed to
CVD have necessitated the high priority of early detection of
CVD in the healthcare systems and public health policies across
the globe.

One important subset of cardiovascular illness is heart disease
CVD, which most of the times develop without providing any
warning before leading to life-threatening issues like heart
attack or stroke [3], Angina (chest pains) and heart attack (or
myocardial infarction) develops due to the impairment or
blockage of blood circulatory arteries. Signs of heart disease
include angina, shortness of breath, irregular heartbeats, chest
pressure and abnormalities of the heart [4]. The prevention of
heart diseases and alleviating the pressure on medical systems is
an important step that requires early diagnosis. Nonetheless, the
common diagnostic tools suffer a failure since they involve
symptomatic assessment and analyzing the results manually.

This discrepancy highlights the need to use data-driven
approaches. Digital health information, such as Electronic
Health Records (EHRS), is necessary to identify the early and
milder symptoms of cardiac disease.

Electronic Medical Records EHRs are a comprehensive
computerized repository for patient health data, including test
results, medication histories, diagnostic notes, and vital signs
[5]. Properly analyzed, such records may give excellent
information about cardiac health and the development of the
disease [6]. Nevertheless, the structural has a lot of data in EHR,
which poses a challenge to conventional data analysis methods.
This is where the adoption of big data analytics will become
truly essential, providing the scalability, efficiency, and
relevance of multidimensional data and healthcare data
interpretation.

Healthcare systems are taking advantage of big data
technologies to process and analyze the huge amounts of EHR
data to identify any significant trends and risk factors of heart
diseases [7]. These systems will be able to combine structured
data with unstructured data, such radiology reports and clinical
notes, like test results, medications, and vital signs, to gain a
better understanding of that patient's health [8]. Besides making
it possible to identify the high-risk individuals using predictive
modeling, big data analytics can be used to track individuals in
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real-time, providing early warnings and preventing the
occurrence of incidents and providing timely interventions [9].
Moreover, it assists in identifying the health trends on the
population level, and thus, allows the public health authorities
to plan the resources efficiently and introduce the prevention
efforts to the targeted population [10]. Big data can help
clinicians transition to a proactive model of care by delivering
personalized healthcare services through a predictive risk score
model.

The ML and Al methods have been demonstrated to yield stellar
results in the automation of cardiac disease recognition. ML
models can analyze old EHR data [11], predict the risk of
disease effectively and make clinical decisions, which are more
precise than manual approaches [12]. Non-linear relationships
between clinical data might be found even in such advanced
algorithms as RF, SVM, and network-based TabNet and
CNN.[13]. Therefore, by accurately predicting sickness in
advance, Al integration with big data and EHRs has the power
to completely transform the cardiac care industry.

A. Motivation and Contribution
The purpose behind this work lies in identifying a method of
detecting heart diseases early and accurately as manual
assessment of clinical information takes time and results in the
risk of errors due to the human factor. This paper will contribute
to the automation and improved performance of the diagnosis
process by applying the latest DL models such as TabNet and
allowing medical specialists to detect patients with high risks to
achieve better clinical outcomes. In order to automatically
categorise heart disease based on clinical needs, this project will
apply the DL technique to the UCI Cleveland dataset. These are
the primary benefits of heart disease prediction:

e The UCI Cleveland Heart Disease dataset, which has been
recognized as one of the standard datasets, will also be used
in this study because it is the most varied range of the clinical
and demographic characteristics of relevance to the
diagnosis of heart disease, thus forming an effective
benchmark to assess the predictive models in the healthcare
sector.

o An effective pre-processing pipeline is applied to provide the
data quality, the model readiness, such as missing value,
duplicated records standardization, feature selection to
maintain dimension reduction and improve the learning
efficiency.

e The suggested TabNet model combines attention-based
feature selection and DL to provide reliable and explainable
predictions, which is contrasted to the standard approaches
such as SVM, RF , and LR.

e A variety of measures are used to analyse the model's
performance and provide a comprehensive evaluation of the
model, including measures like the confusion matrix, ROC
curve, F1-score, precision, accuracy, and recall.

B. Novelty with Justification

The novelty of the work is a combination of advances in the
preprocessing of data, feature selection, and DL and considers
the TabNet model to automatically predict heart disease. This
would be achieved through such approaches as imputation of
missing values, duplicate record handle, standardization, feature
selection that would ensure that the algorithm would have high-
quality input besides being very powerful to learn. The nature of
the TabNet architecture related to pre-processing of the data,
where attention-based feature selection and DL are used, is able

to meaningfully teach the model the underlying pattern of the
clinical characteristics. The fact that it has better performance as
compared to traditional models, including SVM, RF, and LR,
means that it can manage organized medical data and help create
precise and understandable early heart disease detection
systems.

2. Literature Review

The discussed literature review in this section reports the use of
Al and big data techniques to harvest and analyze vast volumes
of data in an extremely precise and early, predict and detect heart
disease under the application of an effective ML approach.

Du et al. (2020) developed a big data and ML-based high-
precision coronary heart disease (CHD) model. Results
Equipped with an AUC of 0.943, In the test set, the ensemble
model XGBoost performed well in predicting the beginning of
CHD three years later. The comparative study revealed that ML
algorithms greatly outperformed standard risk scales or
parametric frameworks, and Non-linear models (KNN AUC
0.908, RF AUC 0.938) can yield more accurate predictions than
linear models (AUC LR 0.865) for the same datasets [14].

Krittanawong et al. (2020) are intended to assess and compile
the overall prediction precision of ML-driven systems in cardiac
situations. The main finding was a summary of the prognostic
possibilities of ML algorithms between heart failure, stroke,
coronary artery disease, and cardiac arrhythmias. In case of
coronary artery disease prediction with pooled area under the
curve amounting to 0.88 (95% CI1 0.84091) was realized in using
boosting algorithms, whereas AUC of a custom-built algorithm
amounting to 0.93 (95% CI 0.85097) was obtained. The pooled
AUC of CNN algorithms was 0.90 (95% CI 0.830.95), the
pooled AUC of boosting algorithms was 0.91 (95% CI
0.810.96), and the pooled AUC of SVM algorithms was 0.92
(95% CI 0.810.97) in the result of stroke prediction [15].

Fitriyani et al. (2020) provide a CDSS with an efficient heart
disease prognostic model (HDPM). Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) detects and
eliminates outliers, XGBoost predicts cardiac illness, and the
hybrid SMOTE-ENN distributes training data evenly. The
results of other models, including NB, LR, MLP, SVM, DT, and
RF, as well as those of earlier research, were also contrasted with
the model's output. Cleveland and Statlog, two publicly
available datasets, were used to build the model. The proposed
model outperformed the other models and the results of the prior
study, achieving an accuracy of 95.90 percent for the Statlog
dataset and 98.40 percent for the Cleveland dataset [16].

Sivakumar et al. (2020) In order to explore mental disease risk
factors and create a model for forecasting mental illness, present
the concept of comorbidities, drug usage, and dietary
supplements in individuals with heart disease. In particular, the
research's data should be regarded as the medical records of
68,647 heart disease patients, which include details on their
comorbidity, usage of dietary supplements, use of antibiotics,
and mental health. The depression and mental diseases were
linked with gender differences, age (below 61 years) and
medicine intake i.e. clarithromycin, azithromycin, vitamin B6
and coenzyme Q10. It is worth noting that a combination of
various state-of-the-art ML methods and their properly trained
parameters is a good choice when it comes to predictive
modelling, which will eventually lead to the following: AUC
depression 78.01% accuracy, 72.65% specificity, 79.13%
sensitivity, and 86.26%. With 82.93% accuracy, 82.86%
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sensitivity, and 83.35% specificity recorded, the anxiety AUC
was 88.45%. 92.73% AUC, 85.14% specificity, 87.70%
sensitivity, and 87.59% accuracy for schizophrenia. 77.76%
specificity, 91.59% AUC, 86.63% accuracy, and 95.50%
sensitivity for the disease [17].

Atallah and Al-Mousa (2019) The study trains the model using
real data from both healthy and ill patients, which should
improve the accuracy and consistency of the doctor's diagnosis.
The model generates more accurate results by identifying the
patient using the majority vote of many models rather than just
one ML model. Ultimately, this method yielded a 90% accuracy
rate using the hard voting ensemble model [3].

Javeed et al. (2019) The suggested diagnostic method predicts
heart failure using an RF model and selects characteristics using

the random search algorithm (RSA). The grid search technique
is used to improve the suggested diagnostic system. The
Cleveland dataset, an online heart failure database, is used in the
studies with just seven characteristics, The suggested approach
beats the traditional random forest model by 3.3%,
demonstrating its efficacy and simplicity of usage. Furthermore,
the suggested approach outperforms five additional cutting-edge
ML models. Furthermore, the suggested approach improved the
training accuracy while achieving a 93.33% classification
accuracy.[18].

Table | presents a comparative summary of recent studies
employing the methods, datasets, benefits, drawbacks, and
suggested future research paths of ML and DL approaches for
heart disease prediction.

Table 1: Summary of the related work for heart disease prediction using machine /deep learning techniques.

Author Dataset Methodology Advantages Limitations Future Work
Du et al. | Population ML models including | XGBoost achieved | Linear models | Explore
(2020) dataset (split | XGBoost, KNN, RF, | AUC of 0.943; ML | underperformed; explainability  of
into  training | Logistic  Regression; | models dataset specific to 3- | models and apply in
and testing | AUC-based evaluation | outperformed year CHD onset clinical settings
sets) traditional risk
scales
Krittanawo | Meta-analysis | Various ML algorithms | Comprehensive Heterogeneity  in | Standardize ML
ng et al. | of 103 studies | (boosting, SVM, CNN, | analysis; pooled | study designs; | model  evaluation
(2020) (3.37M custom-built)  across | AUC up to 0.93 for | possible publication | for cardiovascular
individuals) multiple cardiovascular | custom algorithms bias diseases
conditions
Fitriyani et | Statlog & | DBSCAN (outlier | Achieved high | Public datasets may | Apply to real-time
al. (2020) | Cleveland removal), SMOTE- | accuracies (95.90%, | limit real-world | CDSS environments
datasets ENN (balancing), | 98.40%); handles | generalizability and real-world data
XGBoost classifier imbalance and noise
well
Sivakumar | 68,647 heart | ML models for | Strong AUC scores | May lack external | Expand to other
et al. | disease predicting mental | (up to 92.73%); | validation; domain- | mental illness types;
(2020) patients illnesses using | multi-disease specific features personalize
comorbidities and | prediction treatment
supplement/drug intake recommendations
Atallah Real-life Hard voting ensemble | Improved accuracy | No model | Include
et.al. patient data of several ML models (90%) using | interpretability interpretability tools
(2019) ensemble learning discussed; no details | like SHAP; explore
on feature | deep learning
importance ensembles
Javeed et | Cleveland RSA for feature | High accuracy | Focused only on | Validate on more
al. (2019) | dataset selection, RF  for | (93.33%) with only | Cleveland dataset; | diverse datasets;
classification, grid | 7 features; lower | lacks multi-center | apply to real-time
search for optimization | complexity validation monitoring
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3. Methodology

Heart disease UCI » Data preprocessing
Cleveland dataset
T
| Feature selection |<7 Missing Bz
[ value value
standardization ——b[ Data sphtting ]
Training Testing
Performance matrix of v
accuracy precision, Recall
and Fl-score Proposed model: Tab
Net comparison model

.‘ + SVM. RFand LR

Fig 1: Flowchart for Heart Disease Prediction Using
Machine Learning Models.

The UCI Cleveland dataset on heart illness serves as the starting
point for the suggested approach, which is shown in Figure 1. It
goes through a thorough data preparation stage. To maintain
data quality, this entails removing duplicate entries and
managing missing information by imputation or removal.
Following preprocessing, relevant features are selected by
analyzing statistical importance and correlation to eliminate
redundant or less impactful variables. After the dataset has been
improved, it is divided into input characteristics and target
labels. Standardization is applied using normalization
techniques to scale numerical features, enhancing model
convergence. To assess model generalisation, Subsets of the
dataset are then separated for testing and training. For predictive
modeling, a novel TabNet-based architecture is proposed and
evaluated. The same dataset is also used to train and assess
similar models, such as LR, SVM, and ANN, to determine their
performance. Standard measures such as F1-score, recall,
accuracy, and precision are used to evaluate performance. This
systematic pipeline ensures reliable, interpretable, and accurate
heart disease prediction.

Each phase is described in the sections that follow, along with
the approach and proposed flowchart.

a. Data Collection

The UCI ML Repository offers heart disease a well-liked
resource for developing heart disease prediction algorithms is
the Cleveland dataset. The Cleveland Clinic Foundation, along
with V.A. Medical Centre, provides thirteen. These consist of
the following: age, sex, kind of chest pain (cp), max heart rate
(thalach), old peak ST depression, slope, number of major
arteries (ca), and other clinical and demographic information.
The target variable, condition, shows whether heart disease is
present (1) or not (0). The dataset is often utilized for training
and assessing ML models in cardiovascular risk prediction
research, despite its tiny size. Figure 2 displays the important
feature pair plot with colour for diagnosis.

anston
oo 0 o r B
R

Figure 2 displays the pair plot visualization representations. The
connection between the identification of heart disease as well as
crucial factors including age, cholesterol, and maximum heart
rate (thalach). Patients with heart illness are identified by their
color (red) and those without (blue). Diagonal plots show the
kernel density estimation (KDE) for each feature, while scatter
plots illustrate feature correlations, enabling pattern recognition
and assisting in identifying features most relevant to heart
disease prediction.

Clustered Heatmap of Feature Correlations

thalach

thatach

Fig 3: Clustered Heatmap of Feature Correlation.

Figure 3 shows the clustered heatmap that shows the correlation
between key features: age, maximal heart rate (thalach), and
cholesterol (Chol). Age and thalach have a moderately negative
association (-0.39), but age and Chol have a weakly positive
connection (0.20). The negligible correlation between Chol and
thalach (—0.00) indicates low multicollinearity, suggesting that
each feature contributes independently to heart disease
prediction.

b. Data Preprocessing
Data preprocessing involves turning unprocessed information
into an understandable and practical format prior to utilizing it
in data analysis or ML models. It involves several techniques to
missing values and duplicate records, transforming, and
structure The data is used to enhance the models' functionality
and accuracy. Key steps in data preprocessing include:

e Missing value: Missing values were checked across all
features. Records with significant missing data were
removed, while those with minimal gaps were imputed
using appropriate techniques mean or mode ensuring the
dataset remained complete and consistent.

e Duplicate value: Duplicate rows were identified using
exact-match checks across all columns. These redundant
records were dropped to prevent bias, overfitting, or data
leakage during model training.
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c. Feature Selection

To increase interpretability and reduce overfitting, a prediction
model is constructed by selecting the most pertinent
characteristics from a dataset, and improving model
performance is known as feature selection. Figure 4 displays the
violin plot distribution of "Chol" (cholesterol) and "thalach”
(maximum heart rate obtained) across two diagnostic groups to
help with feature selection. For 'Chol’, the distributions for both
diagnosis groups largely overlap.

Violin Plot for chol by D

=00
k-

100

oxagnos:

Violin Plot for thalach by Diagnosis

talach

3
iagnosis

Fig 4: Violin Plot for Key Feature by Diagnosis.

With very similar medians and ranges, suggesting it may not be
a strong feature for differentiating between the diagnoses.
‘thalach’ exhibits distinct distributions between the groups, with
noticeably separated medians and less overlap in their
interquartile ranges, indicating that 'thalach' is a more promising
feature for distinguishing between the two diagnostics.

d. Standardization

Scaling the risk variables and allocating numbers that
demonstrate the variation between standard deviations from
There are two methods to standardize data: the mean value.
Standardization helps ensure that the data is of a similar quality
and highlights the importance of particular attributes in the
learning process. Model evaluation and validation of unreported
data are made feasible by dividing the dataset into testing and
training sets. Equation (1) defined as:

standardization of X = (X — mean of X)/
(standard deviation of X) (1)

In order to improve the performance of ML classifiers, the risk
factor value is rescaled to have a standard deviation (o) of 1 and
a mean (p) of 0.

e. Data Splitting

This resampled dataset is split using the train-test split technique
into a training 95% and a testing 5% group. To ensure equitable
representation for each group, the training and testing datasets
are separated by data categorization.

f.  Proposed Tabnet Model for Heart Disease Prediction

A decoder architecture is incorporated, each decision step's
decoder consists of FC layers and a feature transformer, which
merges the outputs to recreate features. Other feature columns
can be used to forecast missing feature columns. Assume that r
is the proportion of pretraining characteristics that will be
arbitrarily disregarded during rebuilding, and that Se {0,1}
BxdSe {0,1} Bxd is a binary mask. Consequently, the variable

rin Figure (5) denotes the masking ratio inside the binary mask
SS and its design. Equation (2) defined as:
Lrec= ¥ _(i=1D"BEY jrd&|(((x)_(1,)) —
x_(L,))s_(L, /(@ = D*BE [(x_(i,) T) -
1/BY_(i = D"Biix_(i,j) )"2)| (2)

Where the original input is indicated by x"_(i,j) and the
reconstructed output is represented by x_(i, ) . In order for the
model to concentrate on the known characteristics, the term in
the encoder is initialised as [0]=(1-S)P[0]=(1-S). In Equation
(2), the decoder's final FC layer is the result of multiplying SS
by the unknown output characteristics.

flatten

_Cun v2d

v
—P()__Q—PI Entmax s

Fig 5: Architecture for the Tabnet Model.

CNN uses 2D kernels to convolve the input data after the kernel
product is calculated plus the input data total. The kernel covers
the whole geographical region using the provided data. An
activation function is added to the convolved features to induce
nonlinearity. With the [ feature map, the value for the k, layer
following activation A_(k, 1)" (u, v)at spatial point (u, v) It may
be written as Equation (3).

A_(k,D"w,v) = ¥(e_(k,) +¥_(6 = D (Om —
2 (0 =-D"tEY_ e eif _(k,L6)NBO) xA(k -
LDMu+Bv+p)) ©))

Where the bias parameter is | and the function of activation is
represented by ¥. With the depth of the kernel fk,[at the
k layer for the [ Feature map, om—1 indicates the number of
feature mappings in the (m —1Th layer. With weight
parameters fk, [, The kernel's width is represented by 2t+1 and
its height by 2@+1.

g. Performance Matrix

A few performance metrics might be employed to evaluate the
efficacy of the proposed methodology. A number of factors are
used to evaluate a system's efficacy in DL. Several performance
indicators, such as F1 score, recall, accuracy, and precision. The
values of the confusion matrix, which are shown in Figure 6 as
TP, TN, FP, and FN, must be understood before they can be
identified.

Predicted
has heart disease | no heart disease
(Positive) (Negative)
has heart discase .
(Positive) TP FN
Actual
no heart disease
{Negative) FP TN

Fig 6: Confusion Matrix N Heart Disease Prediction.
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e True positive (TP): The data supports the favorable
prediction made by the model.

e True Negative (TN): The data will be negative, based on the
model.

o False Positive (FP): The data is TN, despite according to the
model, it would be favorable.

o False Negative (FN): The data is TP, even though it was
predicted by the model to be negative.

1) Accuracy

The proportion of accurate forecasts to all predictions, as
provided by Equation (4):

Accuracy = (TP +TN)/(TP + TN + FP + FN) x 100 (4)

2) Precision

This measure of performance assesses Among the noteworthy
cases involving the recovered instances is precision. The
following is the precision Equation (5).

Precision = TP /(TP + FR) x 100 5)

3) Recall

Recall is a small percentage of relevant instances that are
recovered out of the entire number of examples that are
pertinent. The recall Equation (6) may be found below:

Recall = TP/(TP + FN) x 100 (6)

4) F1 Score

The F-measure is obtained by multiplying the total of recall and
accuracy by the precision, and then multiplying the result by the
recall. The F-Measure Equation (7) is shown below:

F1 —score = (2 X recall X precision)/(recall +
precision) @)

5) ROC Curve

The effectiveness of classification algorithms is assessed using
ROC curves. The graph shows the FPR at different threshold
values in relation to the TPR, or recall.

4. Results and Discussion

This section displays the experimental findings for DL-based
heart disease prediction utilizing the Cleveland heart disease
datasets from UCI. The performance of the model is evaluated
for clinical classification tasks using a number of crucial
measures, such as F1-score, recall, accuracy, and precision. The
recommended TabNet architecture comparing ML models for
heart disease prediction analysis has high computational
requirements. Consequently, the computer platform was chosen
to have an NVIDIA RTX 3070 GPU with 8 GB of VRAM and
32 GB of RAM. Inaddition to Google Colab, Jupiter Notebook,
and Python, this platform includes the required Python libraries,
such as scikit-learn, Keras, pandas, NumPy, seaborn,
TensorFlow, and matplotlib. The next sections present the
results of proposed methods for predicting heart disease using
the TabNet model.

0.95

—— train accuracy
val accuracy

v T v v v v T T
o 20 40 60 80 100 120 140
epochs

Fig 7: Accuracy Graph of Tabnet Model.

Figure 7 illustrates a rapid improvement in accuracy from
approximately 75% to over 99% within the first 50 epochs, with
both training (blue) and validation (orange) accuracies
converging and stabilizing around 99.5-100%. The overlapping
curves throughout the training process, confirm TabNet's
effectiveness for reliable heart disease prediction.

train loss
—— wal loss
0.5 1
0.4 \
sl LN
=
0.2 A
N m M
0.0 4 -
o 20 40 60 80 100 120 140

epochs

Fig 8: Loss Graph of Tabnet Model.

Figure 8 shows both demonstrate effective model training with
both training (blue) and validation (orange) losses rapidly
decreasing from approximately 0.5 to near-zero values over 150
epochs. The close alignment between loss curves indicates
excellent generalization without overfitting, validating TabNet's
efficiency for accurate heart disease prediction.

Table 2: TabNet model Performance on Heart disease UCI
Cleveland dataset.

Measure TabNet
Accuracy 99.67%
Precision 99.98%
Recall 99.97%
F1-score 99.96%

Table Il: TabNet model performance assessment on the UCI
Cleveland dataset on heart disease. With every evaluation
measure above 99.6%, the TabNet model demonstrated
remarkable performance on the Heart Disease UCI Cleveland
dataset. The model's accuracy, precision, recall, and F1-score
were 99.67%, 99.98%, and 99.96%, in that order. These results
indicate that the TabNet architecture effectively captured the
underlying patterns in the heart disease dataset, achieving near-
perfect classification performance with minimal FP and FN. The
consistently high values across all metrics suggest robust model
generalization and reliable predictive capability for heart disease
diagnosis applications.
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10

Normalized Confusion Matrix

True [abel

Predicted label

Fig 9: Confusion Matrix of Tabnet Model.

The TabNet model's normalized confusion matrix for
classifying heart illness using the UCI Cleveland dataset is
displayed in Figure 9. With diagonal values of 1.0 for both
classes (0 and 1) and off-diagonal elements of 0.0, the
normalized confusion matrix shows that in terms of
classification, the TabNet model is faultless; it correctly
differentiates between people with and without heart disease
without producing any FP or FN.

ROC Curve
1.0 4
-
e
f”
0.8 -
.8 '
l,’
-
-
L e
‘l'_U' I,
= 0.6 1 L
2 g
2 -
£ e
v 0.4 "
g
-
s
J”
0.2 4 -
df,
- —— ROC curve
,”’ === Random guess
0.0 4 T T ¥
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig 10: ROC Curve of Tabnet Model.

The TabNet model's ROC curve, seen in Figure 10,
demonstrates exceptional classification performance. The curve
has a low FPR and a high TPR, and it is concealed in the upper-
left corner. This implies that the model forecasts cardiac illness
with nearly perfect class discrimination using electronic medical
data.

h. Comparative Discussion

This section uses the UCI Cleveland heart disease dataset to
compare image classification methods for heart disease
prediction. Table I11 presents the performance measures of four
ML models in predicting heart diseases, indicating that in terms
of performance measures, the TabNet model performs better
than the existing ANN, SVM, and LR ML models. TabNet
outperformed the other three models, achieving a 99.96 F1-
score, 99.97 recall, 99.98 overall quality, and 99.67 accuracy.
However, the SVM model's performance was more modest,
with an accuracy of 89.93%. Among the compared models, the
LR model was accurate as well, at 86.80 percent, but still, it was
not that close to the TabNet model. The results clearly
demonstrate that, in comparison to these conventional ML
approaches, the TabNet architecture provides scheme much
improves the precision and dependability of predicting heart
disease.

Table 3: Comparison between TabNet and Existing models for
heart disease prediction.

Measure Accuracy
Proposed 99.67%
TabNet

ANNJ19] 90.40%
SVM[20] 89.93%
LR[21] 86.80%

The heart illness prediction record achieved a 99.67% accuracy
grade, demonstrating the excellent performance of the suggested
TabNet architecture. Based on attention-based feature selection
and the DL paradigm, it effectively depicts complex correlations
between clinical and demographic data, enabling precise and
comprehensible projections. The interpretability embedded in it
assists clinicians in identifying important parameters being
made during the decision-making process, therefore, it is
extremely useful in health assurance. However, the model is
likely to overfit small or imbalanced data, and its population to
different people is to be verified. Altogether, TabNet is a
potentially dependable and viable approach to making clinical
practice predictions of heart disease.

5. Conclusion and future work

Data-driven algorithms are used to forecast who is most likely
to acquire heart disease.  Accurate prediction can help with
early diagnosis, intervention, and improved patient outcomes in
the case of heart disease. Both DL and tabnet are the foundations
of this prediction model. The accuracy and longevity of the
model were increased by using a comprehensive data pre-
processing pipeline. The TabNet model that was suggested was
compared to the classical ML approaches such as LR and SVM.
A maximum value of accuracy was 99.67, which means that
TabNet proved to be remarkably better than ANN, SVM, and
LR (90.40%, 89.93%, and 86.80%, respectively). Besides
excellent predictive capability, TabNet has an attention
mechanism, which helps to make it clearer and allows you to
understand what factors mostly contribute to predicting heart
disease. This is a key skill, especially in clinical practice where
it would be important to understand why one is predicting.
Interpretability supported by TabNet also allows being open and
welcoming towards Al-based solutions in healthcare. Given its
reliability and comprehensibility, all of the findings point to the
potential application of TabNet in the early identification of
cardiac conditions. The second crucial step in the future is to
verify the model so that it may be used to larger and more
diverse datasets. Additionally, an attempt will be made to
integrate the model into clinical decision support systems that
operate in real time, and investigate the possibility of using
explainable Al approaches to increase the model's transparency
and foster user confidence.
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