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an accuracy of 92%. The primary focus of this research is to
Hybrid deep learning investigate the impact of data pre-processing, particularly outlier
Data pre-processing detection, on the accuracy of the hybrid deep learning model. The
RNN-GRU comparative analysis demonstrates that without outlier detection,
DOI- 10.30765/er.2434 the model achieves an accuracy of 89%, while incorporating
outlier detection results in an increase in accuracy of 3%,
reaching 92%. The study involves implementing a hybrid RNN-
GRU model on a pre-processed dataset. Research tracks the
accuracy and loss for each epoch throughout the training and
testing phases. The results highlight the usefulness of the model in
predicting heart disease and stress the importance of data pre-
processing in improving its performance.

Heart disease prediction

1 Introduction

The human heart plays an incredibly vital role in the body by ensuring the distribution of oxygen-rich
blood to different body parts, which is a critical function. Taking care of heart health is of utmost importance.
Heart disease has become a major global problem [1]. As time progresses, people's lifestyles have changed
significantly, with many adopting unhealthy dietary habits, avoiding exercise, experiencing increased stress,
suffering from sleep deprivation, smoking excessively, and eating junk food [2]. All of these factors
significantly impact a person's heart health [3]. Due to the widespread prevalence of heart disease throughout
the world, the mortality rate has risen dramatically, particularly in low-income countries [4]. This is mainly
because these countries need more technological advancements and allocate more resources to the healthcare
sector. Therefore, it is imperative to implement cost-effective disease prevention strategies in these regions.
Detecting and addressing heart disease before they manifest is challenge, so people must be vigilant and take
preventive measures [S]. These preventive measures are crucial in safeguarding human lives from heart disease
[6]. Furthermore, embracing the latest technologies can help create a healthier world. Machine learning (ML)
technologies are playing a significant role in early detection of heart disease [7], [8]. ML models can identify
potential heart issues with a high degree of accuracy, although they require some time and effort to train,
especially when dealing with large patient datasets. Moreover, ML models continually evolve, striving to
uncover intricate patterns hidden within data. In this pursuit, we also turn to Deep Learning (DL) models for
heart disease prediction [9]. These models are becoming increasingly adept at training to make exceedingly
accurate predictions. Hybrid DL models offer several advantages over traditional DL models. They excel in
combining different DL algorithms to extract and learn patterns from the data more efficiently. As a result,
these models gradually improve their performance. Additionally, integrating DL with other techniques is an
effective form of regularization, mitigating the risk of over-fitting and enhancing generalization. These hybrid
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models can be likened to ensemble learning, where multiple models collaborate to make predictions, a strategy
known for its ability to produce superior performance and more excellent stability.

This research presents the application of a hybrid DL model of recurrent neural networks and gated
recurrent unit (RNN-GRU) in implementing collaborative classification approaches for heart disease
prediction. We used an IEEE Dataport heart disease dataset to conduct this research.

The following noteworthy study is presented in this work:

e The article highlights the impact of data pre-processing techniques on the model's accuracy by
showing the difference in accuracy between the dataset with and without outliers.

e A hybrid DL model of RNN and GRU is analysed and implemented on the IEEE data port heart
disease dataset. The aim is to evaluate its performance in terms of classification values.

e To obtain the highest accuracy, the study employs gridsearchCV hyperparameter and 5-fold cross-
validation methods.

2 Literature review

DL technologies are finding extensive applications in the medical field. In particular, they are instrumental
in predicting heart diseases. Recent technological advancements have enabled DL techniques to yield excellent
results in predicting heart diseases [10],[11]. However, due to the utilization of these techniques, a problem
known as overfitting is mitigated, leading to accurate predictions of heart diseases [12].DL utilizes a hierarchy
of artificial neural networks to conduct an in-depth dataset analysis. This process is modelled after the human
brain, with the input being processed through multiple hidden layers, each containing neurons, before reaching
the final output. The neural network's neurons, also called nodes, perform in-depth analysis of specific data
using predefined algorithms and subsequently relay partially processed information to the subsequent layer
[13]. DL employs a nonlinear approach to data processing, where all inputs are interconnected, resulting in
favourable outcomes [14]. In a neural network, the first layer gathers input data, processes it, and passes it on
to the next layer. As we progress through the layers of neurons in a DL neural network, they carefully analyse
data from previous stages before making decisions and generating outcomes [15]. Deep learning (DL), due to
its capacity for handling extensive datasets and recognizing intricate patterns, holds promise for enhancing
heart disease prediction [16]. In recent times, several studies have explored the efficacy of DL in this context.

For instance, Tuli et al. conducted a research study centered on Health Fog, a system that integrates Internet
of Things (IoT) sensors and fog computing nodes to gather and process medical data, encompassing
electrocardiogram (ECG) signals and clinical information [17]. Subsequently, this system employs an
ensemble of DL models, including convolutional neural networks (CNNs), recurrent neural networks (RNNs),
and long short-term memory (LSTM) networks, to analyse the data to diagnose heart diseases. The findings
from this research demonstrate the considerable potential of DL in elevating the accuracy of heart disease
prediction, mainly when dealing with intricate datasets. Butchi et al. propose a system that collects and
processes medical data from various [oT devices [18], including wearable sensors, smartwatches, and
smartphones, and applying a cascaded DL model to predict heart disease. The cascaded DL model includes a
feature extraction module based on a CNN and a classification module based on a deep belief network (DBN)
[19]. Surenthiran et al. discuss a range of DL methods and compare their performance with the proposed model.
Their model employs multiple Gated Recurrent Units (GRU) to enhance the RNN model's performance,
resulting in an impressive accuracy of 98.4%. The data used for this study is sourced from the Cleveland
dataset available in the UCI Repository [20]. On the other hand, Girish et al. put forward a hybrid DL approach
for classifying cardiac diseases. Their proposed system combines RNN and LSTM hybrid approaches to
classify synthetic data. They employ various ML and soft computing techniques to evaluate the system's
performance. These hybrid DL algorithms showcase an average classification accuracy of roughly 95.10%
when subjected to multiple cross-validation assessments. The research ultimately establishes that deep hybrid
learning surpasses both conventional DL and independent machine learning approaches in accuracy [21]. Table
1 includes a more detailed comparison with existing models in heart disease prediction.
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Table 1. Detailed comparison of existing models.

Author Dataset Methodologies used Limitations
B.Mali et.al IEEE Used the artificial neural network as the In the data preprocessing
[22] Dataport federated learning (FL) base model for not used outliers detection
Heart disease heart disease prediction. method.
dataset.
N.K IEEE Used the voting ensemble ML method. Not used hybrid DL models.
Sharma Dataport Outliers in the dataset were
et.al [23] Heart disease not detected.
dataset.
A.Ahmad IEEE K-nearest neighbor (KNN), random DL models and hybrid
et.al [24] Dataport forest (RF), support vector machine models were not used.
Heart disease (SVM), decision tree (DT), and Outlier detection is not done
dataset. gradient boosting (GB). And neural in the data preprocessing
network (NN) are used to predict the stage.
HD.
S. Mondal IEEE ML classifiers are used to build the This work is limited to
et.al [25] Dataport initial prediction model, with 10-fold traditional ML classifiers,
Heart disease cross-validation ensuring its  without using DL models or
dataset. robustness. RandomizedSearchCV and outlier detection during
GridSearchCV ~ are  applied for preprocessing.
hyperparameter tuning. The top-
performing models—RF, XGBoost,
and Decision Tree—are further refined
using a stacking ensemble to enhance
accuracy.
S.M. IEEE ML techniques—Auto-WEKA, This work includes the lack
Alanazi Dataport Decision Table/Naive Bayes (DTNB), of parameter tuning, which
et.al [26] Heart disease and  Multiobjective  Evolutionary may affect model
dataset. (MOE) fuzzy classifier—are used to optimization. Outlier
develop diagnostic models. detection is not applied
during preprocessing,
potentially impacting
accuracy. The study relies
solely on traditional ML
techniques, without
exploring (DL) or hybrid
DL models, which could
enhance predictive
performance.
Navita et. al IEEE A stacking ensemble model with three It lacks DL and hybrid DL
[27] Dataport base learners: Random Forest Tree models, as well as outlier
Heart disease (RFT), K-Nearest Neighbor (K-NN), detection, which may affect
dataset. and AdaBoost, along with Logistic accuracy.
Regression (LR) as the meta-learner,
optimized using Grid Search Cross-
Validation (GSCV).
B.P. IEEE Used NB, SVM, RF, XGB ML models, DL models were not used,
Doppala Dataport and Ensembled voting classifier. and Outlier detection was
et.al [28] Heart disease not performed.

dataset.
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M. IEEE Heart disease prediction used data The study has some
Ferdowsi et Dataport anonymization with Laplace noise and limitations: it did not use
.al [29] Heart disease a differential privacy (DP) framework. DL or hybrid models, and
dataset. Models included LR, GNB, and RF, outlier detection was not
with  SHAP and LIME for applied during data

interpretability. preprocessing.

3 Materials and methods

This section explains how heart disease predictions are made based on the IEEE dataport heart disease
dataset [30]. This work comprises multiple stages, from data collection to heart disease prediction. Outlier
detection, one-hot encoding, and standardization are performed in the initial data preprocessing phase. The
dataset is split into two parts: 80% for training and 20% for testing. After this, a hybrid DL model is created
using RNN and GRU. To train the model, a grid search CV is applied with 5-fold cross-validation. Once the
best hyperparameters are found, the model is tested using these settings. Finally, the model's performance is
checked using metrics like accuracy, precision, recall, and Fl-score. Figure 1 shows the workflow
methodology, while Figure 2 comprehensively illustrates the proposed architecture design.

® Importing IEEE dataport Dataset.
® Detecting Outliers in the dataset.

Data ® Applying One-Hot encoding.
L

preparation Using Mini-Max scalar.

Using RNN+GRU Deep Learning Hybrid Model.
Develop Applying Adam Optimizer.

Hybrid Applying Gridsearchcv Hypertunnig
Model ‘{@

Divide the dataset into training and testing in the
ratio 80:20.
80% data will be loading for model Training.

Save the model.

75
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Data
Visualization -

visual libraries.
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Figure 1. Proposed model workflow
3.1 Description of the dataset

This study used an IEEE Dataport dataset that contains 1190 instances of heart disease. After eliminating
272 duplicate rows, the dataset now includes 918 unique samples, 508 related to patients with heart disease
and 410 to healthy patients. Figure 3 illustrates the distribution of heart disease instances based on the target
variable. The dataset includes continuous features such as "age," "resting bp," "cholesterol," "maxhr," and "old
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peak," along with categorical attributes like "chest pain type," "resting ECG," and "st_slope," and binary
features such as "sex," "fasting bs," and "exercise angina." These features were used to analyse potential risk
factors for heart disease, and more details can be found in the accompanying Table 2.

A correlation heat map Figure 4 illustrates the relationships in this dataset between variables related to
heart disease. The correlation coefficients measure these relationships, with 1 indicating strong positive
correlation, -1 indicating a strong negative correlation, and 0 indicating that there is no correlation. In
particular, age is positively correlated with factors such as resting blood pressure and cholesterol levels but
negatively correlated with maximum heart rate and presence of heart disease. Furthermore, the heat map
highlights variables such as the type of chest pain and the maximum heart rate as highly associated with the
target variable, suggesting their potential in predicting heart disease. Effective predictive use requires extensive
data analysis and pre-processing, including outlier removal and data standardization, to ensure model accuracy
and stability.

DATA PRE-PROCESSING
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Figure 2. Proposed work architecture
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Figure 4. Heart disease attributes heat map
Table 2. Description of the IEEFE dataport heart disease dataset.
Sr.No Attribute Attribute Description
Icon Name
1 Age Age Age of the patient
2 Sex Gender To denote males, assign a value of 1, and for females, use 0
. Chest discomfort can be categorized into four groups:0-
Chest pain ! . . . .
3 Cp Do angina,-1-atypical angina, -2-non-anginal pain, and -3-
yp asymptomatic
Rest tat . . . .
4 Trestbps cst - state Resting BP upon hospital admission, measured in mm/Hg

blood
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pressure(m
m/Hg)
Serum
5 Chol cholesterol ~ Blood cholesterol level measured in mg/dL.
(Fat)
Fasting A fasting blood sugar level above 120 mg/dl after an
6 Fbs blood overnight fasting period is classified as elevated (1 - true).
sugar (not Conversely, if it registers below 120 mg/dl, it is within the
eating) normal range (0 - false)
The Resting ECG test and its associated findings can be
Rest ECG categorized into three groups: a score of 0 denotes a normal
7 Restecg test result, a score of 1 indicates the detection of ST-T wave
abnormalities, and a score of 2 signifies the presence of left
ventricular hypertrophy
Max Heart
8 Thalach rate The peak heart rate experienced during physical activity
achieved
Exermse— Angina onset during exercise is indicated with 0 representing
9 Exang induced . .
. the absence of angina and 1 denoting its presence
angina
ST During an ECG test, ST depression is typically observed
10 Oldpeak depression ~ when comparing the results obtained during exercise to those
(ECG test)  during relaxation
The highest degree of slope (ST depression) during exercise
Slope (ST e ;
11 Slope . testing is classified as follows: 1 for an upward slope, 2 for a
depression)
level slope, and 3 for a downward slope
Hc?art A label of "0" indicates the absence of heart disease, while a
12 Target failure class e s .
attribute label of "1" indicates the presence of heart disease

3.2 Data pre-processing

3.2.1 Outlier’s removal

Data quality and organization play an essential role in the performance of predictive models. Outliers and
unreasonable values in raw datasets can hinder the accuracy and reliability of predictive models. In applications
like heart disease dataset analysis, this is especially important. We addressed this issue using the interquartile
range (IQR) method, a robust statistical technique [31]. The IQR method allows outliers to be detected and
handled systematically and objectively, improving the reliability and accuracy of our heart disease prediction
model. Physiological indicators for healthy individuals generally show values within a range for healthy
individuals. However, significant deviations in biological markers can serve as crucial indicators of underlying
illnesses. Therefore, the heart disease prediction model should be able to identify specific outliers for further
investigation rather than simply eliminating all outliers when addressing outliers. This study explicitly uses
the IQR method to identify outliers in two important columns in cholesterol and resting blood pressure. These
columns typically follow a typical distribution pattern, but we noticed conspicuous deviations from the
expected range when examining their boxplots.

As part of the IQR process, the dataset is sorted in ascending order; then the median is determined; after

that, the dataset is divided into two equal parts at the median, making up the lower and upper halves. Using
equation (1), the IQR is calculated by subtracting the first quartile Q1 from the third quartile Q3.

IQR=Q3-Ql1 (1)
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Where Q1 and Q3 are the medians of the lower and upper halves of the dataset, respectively. When data
points are significantly below Q1 or above Q3, they can be identified as outliers since they lie outside of the
following ranges, as shown in equations (2) and (3).

Lower bound = Q1 - 1.5 * IQR )
Upper bound = Q3 + 1.5 * IQR 3)

Data points outside this range are deemed potential outliers, and the handling of data points outside of this
range is critical for ensuring the integrity of the dataset and the accuracy of subsequent analyses. Using these
bounds, the data points outside these ranges are removed from the dataset, a common practice to minimize the
influence of outliers. To visualize the effects of outlier processing on data distribution, an analysis of the
differences in data distribution before and after outlier removal was performed. Figure 5, Figure 6, Figure 7,
and Figure 8 illustrate these changes, providing a visual confirmation of the effectiveness of outlier removal.
According to the dataset, a substantial portion of the cholesterol and resting blood pressure columns contained
outliers (19.93% and 4.29%, respectively). These outliers could significantly skew the results, resulting in a
less accurate predictive model. To address this issue, the outliers have been removed the outliers. Additionally,
it has been identified some records that contain zero cholesterol values. There may have been human errors in
these records, which have been removed. Finally, any missing values in the cholesterol and resting blood
pressure columns are credited with the mean value. Considering that it is relatively robust to outliers and
improved the accuracy and reliability of heart disease prediction.
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Figure 5. Cholesterol box plot with contain outliers
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3.3 Data Encoding and Standardization

Following removing outliers, handling categorical data through encoding, and standardizing numerical data is
often performed as pre-processing steps. Data encoding is typically used to handle categorical variables, which
represent discrete labels or categories. One-hot encoding changes categorical variables, such as gender, chest
pain type, and exercise-induced angina, into a numerical format. Each category in the variable gets its unique
number. This helps DL models use clear information while keeping the data simple and easy to understand.
On the other hand, data standardization scales numerical features so they all have the same range. This is done
by adjusting the data so that each feature has a mean of 0 and a standard deviation of 1. To achieve this, the
mean is subtracted from each value, and then it is divided by the standard deviation. This makes sure all
features are equally balanced for the model. Such an approach converges faster, making them less sensitive to
the scale of input features. Because the feature size is consistent, the algorithm can update its parameters more
evenly and efficiently. In the context of the present dataset, different variables like age, chol, etc., have been
standardized. The summary statistics for the standardized features are presented in Table 3. These measures
include mean such an approach converges faster, making, standard deviation, minimum, and quartile.

Table 3. Description of the IEEE Dataport heart disease dataset.

Feature Count Mean Std  Min 25% 50% 75%

age 918.00 -0.00 1.0005 -2.706 -0.690 0.051 0.688
trestbps 918.00 0.00 1.0005 -7.154 -0.669 -0.129 0.410
chol  918.000.00 1.0005-1.818 -0.233 0.221 0.623
thalach 918.00 0.00 1.0005 -3.018 -0.660 0.046 0.754
oldpeak 918.00 0.00 1.0005 -3.271 -0.832 -0.269 0.574

3.4 Performance measuring matrices

Performance evaluation metrics play a crucial role in assessing the efficiency and effectiveness of DL models.
These metrics help identify a model's strengths and weaknesses and determine the areas that need
improvement. Here are some of the most common performance measuring metrics for DL models:

Accuracy: accuracy is a common practice for assessing classification models, as highlighted in Rapaka's work
[32]. It quantifies the proportion of correctly classified samples, which is a fundamental measure. It is important
to note that accuracy may lead to misleading conclusions, particularly in imbalanced datasets. Equation (4)
shows accuracy.

(TP + TN)

)
(TP + TN + FP + FN)

Accuracy =
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Precision: Precision measures the proportion of true positives accurately identified among all the instances
predicted as positive. This metric holds particular importance in situations where the implications of false
positives come with substantial consequences, which is frequently observed in the field of medical diagnosis.
Equation (5) shows the precision of the model.

Precision = TP (5
TP+FP

Recall: Recall measures the proportion of true positive cases out of all positive cases. This metric is handy
when the potential repercussions of missing true positives are substantial, as seen in applications like fraud
detection. Equation (6) represents the recall of the model.

Recall = i (6)
TP +FN

F1-score: The F1-score functions as a metric that strikes a balance between precision and recall by taking their
harmonic mean. This makes it a valuable tool for assessing performance in scenarios where false positives and
negatives have substantial consequences. Equation (7) represents the F1-score of the model.

Fl1-Score= 2 x (Precision x recall) (7)

Precision+Recall

ROC-AUC: The ROC-AUC metric evaluates a model's ability to distinguish between positive and negative
samples by measuring how well it correctly identifies true positives and true negatives while also minimizing
false positives and false negatives.

4 Proposed Methodology

The GRU marks a notable progression within the domain of RNNs, aimed at addressing a persistent challenge
called the vanishing gradient problem, a common issue encountered in conventional RNNs. This innovation
was introduced by Cho et al. [33]. In their seminal work, it has gained considerable popularity for its
effectiveness in handling sequence-to-sequence learning tasks. The GRU architecture comprises two key
components: the updating gate denoted as "z" and the reset gate labelled as "r." These gates are instrumental
in determining how much the model should retain or forget information from the previous hidden state at each
time step [34].In GRU notation, "x_t" is the input at time step "t," and "h_t" is the hidden state at the same
time. The weight matrices are written as "W_z," "W _r," "W_h," "U z," "U r," and "U_h," and the bias terms
are "b z," "b r," and "b_h." The sigmoid function is shown as "sigma," and the tanh function is written as
"tanh." The update gate, "z t," decides how much of the previous hidden state should be updated with the new
candidate, as shown in equation (8). The reset gate, "r_t," in equation (9), controls how much of the previous
hidden state should be ignored when calculating the new candidate. The new hidden state candidate, "h_tilde,"
is calculated using the reset gate and the input, as in equation (10). Finally, the updated hidden state, "h_t," is
a mix of the previous hidden state and the new candidate, with the update gate deciding the balance, as shown
in equation (11). GRUs are a type of RNN architecture that can be used to model sequential data. GRUs
leverage activation functions to enable learning of long-term dependencies in data and control the information
flow within the network. Two main activation functions are used in GRUs: the sigmoid function and the
hyperbolic tangent (tanh) function. GRUs are a type of RNN architecture designed for modelling sequential
data. They utilize activation functions to facilitate learning of long-term dependencies within the data and
regulate the flow of information throughout the network. GRUs employ two primary activation functions: the
sigmoid function and the hyperbolic tangent (tanh) function. GRUs employ the sigmoid function to regulate
information flow via their update and reset gates, while they utilize the tanh function to calculate the veiled
state of the candidate. These activation functions are crucial in the GRU's ability to learn and model sequential
data.
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zt=0(W z*x t+U_z*h (t-1) + b_z) )
r_t=0(W_r*x_t+U_r*h_(t—1) +b_r) ©)
h_tilde = tanh (W _h * x_t + U _h * (r_teh_(t-1)) + b_h) (10)
h_t=(1-z_t)eh_(t-1) +z_teh_tlde (11)

In this study's proposed method, a GRU-based RNN is implemented for the binary classification of a heart
disease dataset (IEEE dataport dataset) using the Keras library, as illustrated in Figure 9. The methodology
involves several stages: Initially, the required libraries and modules are imported, such as the Sequential model,
GRU and Dense layers, Adam optimizer, and tools for model evaluation. Subsequently, the input data is
modified into a 3-dimensional array to meet the GRU layer's requirements. The training dataset is divided into
training and validation sets, using an 80:20 split. This division is essential for evaluating the model's
performance during training. A custom function is established to construct and compile the model, which
includes a GRU layer followed by a Dense layer that utilizes a sigmoid activation function [35]. The
configuration of the model involves the utilization of the Adam optimizer alongside the binary cross-entropy
loss function. It is then encapsulated within a Keras Classifier to enable seamless integration with Scikit-learn
tools. A parameter grid is defined to fine-tune hyperparameters, covering aspects like the number of hidden
units, learning rate, and batch size. A GridSearchCV object is created, which includes the underlying model,
the parameter grid, and a 5-fold cross-validation approach. This grid search process entails training the model
using the training dataset and assessing its performance on the validation set. After completion, the training
history is extracted from the model that performs the best identified during the grid search. Lastly, the best
hyperparameters and the performance of all combinations of hyperparameter are displayed in Table 4. This
approach enables the optimization and evaluating of the GRU-based RNN model for heart disease
classification.

Table 4. Best hyperparameter tuning values.

Hybrid deep Best hyperparameters provide by using
learning model grid searchcv 5-fold cross-validation

RNN+GRU 'batch_size': 64, 'lr": 0.001, 'units": 128

Input Layer RNN Layer GRU Layer Output Layer
(1, 38) (10 units) (10 units) (1 unit)

fffffffffffffffffffff

Q000000000

0000000000090

o

Figure 9. Proposed model neural network architecture
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5 Results and discussion

The proposed method for predicting heart disease was evaluated using an IEEE Dataport heart disease
dataset. Before analysis, the dataset was pre-processed with the removal of outliers, and the impact of this pre-
processing step was evaluated both with and without outlier removal. Accuracy was used to assess how the
model was affected by the outlier removal process and data standardization at the onset of analysis. To optimize
the performance and stability of the model, a wide range of gridsearch CV 5-fold hyperparameter tuning
techniques were employed.

5.1 Proposed model performance with outliers in the dataset

A classification report assesses the performance of a model by detailing precision, recall, F1-score, and
support for each dataset class [36]. Precision gauges correct positive class identification, while recall measures
positive class detection. The F1l-score balances precision and recall, crucial when false positives/negatives
matter. Support quantifies class observations, aiding the identification of imbalanced classes. The report
features a table of these metrics per class, plus an overall model summary with macro, micro, and weighted
averages. The macro-average treats all classes equally. The micro-average considers all observations equally.
The weighted average prioritizes larger classes. In the dataset, without considering the outliers the model
produced a classification report shown in Table 5.

Table 5. Classification report with outlier’s model performance.

Precision Recall F1-Score Support

Class 0 0.90 0.84 0.87 88
Class 1 0.86 0.92 0.89 96
Accuracy - - 0.88 184
Macro Avg 0.88 0.88 0.88 184
Weighted Avg  0.88 0.88 0.88 184

In this evaluation, we evaluate the performance of a model using a binary dataset comprising two
categories: Class 0 (representing individuals without heart disease) and Class 1 (representing individuals with
heart disease). The assessment involves various metrics, including precision, where we observe a precision of
90% for Class 0 and 86% for Class 1. Additionally, we calculate recall, yielding values of 84% for Class 0 and
92% for Class 1. The Fl-score, a combined measure of precision and recall, is computed at 87% for Class 0
and 89% for Class 1. The support values, representing the number of instances in each class, are 88 for Class
0 and 96 for Class 1. Overall, the model achieves an accuracy rate of 88%. The report encompasses macro-
average, micro-average, and weighted-average precision, recall, and F1-score, all of which are documented as
88%. A confusion matrix is also included, depicted in Figure 10.
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Figure 10. Model confusion matrix values with outliers
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5.2 Proposed model performance without outliers in the dataset
Table 6 summarizes the model performance in a two-class dataset, including precision, recall, F1-score,
and support for Class 0 and Class 1. Class 0 achieved 93% precision, 92% recall, and a 93% F1-score with 76

samples, while Class 1 had 91% precision, 93% recall, and a 92% F1-score with 67 samples.

Table 6. Classification report without outlier’s model performance.

Precision Recall F1-Score Support

Class 0 0.93 0.92 0.93 76
Class 1 0.91 0.93 0.92 67
Accuracy - - 0.92 143
Macro Avg 0.92 0.92 0.92 143
Weighted Avg  0.92 0.92 0.92 143

The overall accuracy is 92%, matching macro-average and weighted-average scores. Figure 11 presents
the outlier-detected confusion matrix, while Figure 12 displays the ROC curve for the hybrid RNN-GRU
model. In the implementation, data is prepossessed for GRU and RNN models, using the Keras framework to
create the neural network with various configurations explored through GridSearchCV for optimization.
Figures 13 and 14 show epoch-wise accuracy and loss for the proposed hybrid DL model. Figure 15 shows the
accuracy of training and validation.
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Figure 11. Model confusion matrix values without outliers
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Figure 12. Model ROC plot without outliers in the dataset
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Figure 15. Model training and validation accuracy

5.3 Comparison of model performance metrics with and without outlier detection

Figure 16 shows the comparison of the performance of an ML model trained on the IEEE dataset with and

without outlier detection. We analysed the model’s effectiveness using standard evaluation parameters such
as precision (correct positive predictions), recall (ability to detect true positives), F1-score (balance of

precision and recall), support (sample counts), and overall accuracy. Class-specific results (for healthy and
diseased cases) were summarized using macro-average (equal class weighting) and weighted-average (class-

size-adjusted) metrics. The results show that incorporating outlier detection significantly enhances the model's
performance. For instance, precision for class 0 increases from 90% to 93%, and class 1, it rises from 86% to

91% with outlier detection.
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Figure 16. Model performance metric comparison with and without outliers in the dataset

Similarly, recall for class 0 improves from 84% to 92%, and for class 1, it increases from 92% to 93%. F1
scores also show improvements for both classes, with class 0 going from 87% to 93%, and class 1 from 89%
to 92%. Support values decrease for both classes, indicating fewer instances classified into each class with
outlier detection. Additionally, accuracy improves from 88% to 92%, and macro-average and weighted-
average metrics demonstrate enhancements, highlighting overall model improvement without bias toward one
class. These findings underscore the significant enhancement in the efficacy of DL models, especially in terms
of precision, recall, F1-score, and accuracy, when the utilization of outlier detection techniques is incorporated.
For further proposed model accuracy comparisons with existing literature, refer to Table 7.

Table 7. Comparison of the proposed system with existing heart disease prediction systems.

S. No é:ilor(s) and lg/rliilligdology /Alg Data Set Key Findings/Results
" Classification and IEEE Dataport Heart Achieved 87% accuracy
Mert Ozcan et X . . . -
1 al.(2023) [37] Regregsmn Tree Disease .Dataset n heart disease prediction
Algorithm (Comprehensive) using CART.
(CART)
Improved prediction
. IEEE Dataport Heart accuracy to 90.12% by
Justin et al. . ) .
2 (2022) [38] SVM Disease .Dataset using - recursive feature
(Comprehensive) elimination with ML
models.
Mohammad IEEE Dataport Heart Improved prediction
3 et al. (2022) DT, SVM, LR Disease Dataset accuracy to 87.57% by
[39] (Comprehensive) using DT, SVM, LR.
Improved prediction
Sudipta IEEE Dataport Heart accuracy to 87.70% by
4 Modak et al. MLP Disease Dataset using a modified
(2022) [40] (Comprehensive) variation  of  infinite
feature selection and

multilayer perceptron.
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IEEE Dataport Heart Achieved 92% accuracy
5 Proposed RNN-GRU Disecase Dataset in heart disease prediction
(Comprehensive) using RNN-GRU.

6 Conclusion

The research work has successfully developed a hybrid deep learning model for the prediction of heart
disease. This model combines RNN with GRU architecture, utilizing the Adam optimizer. Impressively, the
model exhibited strong performance when evaluated on the IEEE Dataport dataset, achieving an accuracy rate
of 92%. Notably, the research underscores the critical role of data pre-processing, specifically in outlier
detection, to enhance the model's accuracy. Through comparative analysis, it was evident that the incorporation
of outlier detection led to a notable improvement in model performance, resulting in a boost in accuracy 3%
accuracy. This study has a constraint in terms of dataset size, which is relatively small. Subsequent research
efforts will prioritize the use of more extensive datasets. These findings underscore the significance of
employing effective data pre-processing techniques to optimize DL models for heart disecase prediction,
ultimately leading to more precise and dependable diagnostic tools in cardiovascular health. The developed
model can be very useful in hospitals and clinics. It acts like a smart tool to help doctors spot heart problems
sooner, so patients can get treatment faster. It could also work with home health devices (like wearables) to
check heart health daily and send alerts if risks are found. Since our model is 92% accurate and works quickly,
it could be used for free or low-cost heart check-ups in communities. This would help find people at high risk
early, saving hospitals time and money.
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