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ABSTRACT

Heart disease remains a main cause of death worldwide, showing the necessity
for accurate and timely automated diagnostic systems. Hence, precise and early
detection is necessary and is done by some existing machine learning (ML) and
deep learning (DL) algorithms. Existing ML and DL models, like convolutional
neural network (CNN), long short-term memory (LSTM), CNN-LSTM, and some
hybrid approaches, shows good performance. However, they struggle to capture
sequential dependencies and spatial feature interactions simultaneously. Further-
more, hybrid CNN–BiLSTM models to tabular heart disease datasets remains
unexplored. To address this gap, this paper, proposes a convolutional neural
network–bidirectional long short-term memory (CNN-BiLSTM) hybrid model.
This proposed model employs bidirectional processing to improve the temporal
features extraction. The proposed hybrid model accurately stores sequential data
of the past and the future to do predictions. The experimental validation is done
with two different heart disease datasets. The implementation includes learning
rate scheduling and hyperparameter adjustment for optimisation. Experimental
results on two benchmark datasets demonstrate the proposed model effectiveness.
The proposed model got 98.54% accuracy with heart disease dataset and 81.94%
accuracy with heart failure clinical dataset, done using 5-fold cross-validation.
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1. INTRODUCTION
Heart disease is a serious health issue nowadays, requiring efficient diagnostic tools for early detection

and treatment. Existing models rely on clinical assessments and manual interpretations, which are time-
consuming and creates errors. The usage of deep learning (DL) has revolutionized the healthcare domain,
providing automated and accurate disease detection mechanisms [1]. Also, it takes more time well as is prone to
errors when done manually. To improve diagnosis and therapy, DL models should be utilized for early automated
detection.

Although recent DL approaches have significantly improved heart disease prediction (HDP), many
existing models rely on shallow machine learning (ML) techniques or single DL architectures. Such approaches
often struggle to capture both sequential dependencies and spatial feature interactions present in structured
clinical data effectively, thus limiting diagnostic performance.
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Some of the existing works given for heart disease detection are listed here. Some of the existing works
use a DL model that mixes bidirectional long short-term memory (BiLSTM) with convolutional neural network
(CNN) [2]. A cluster-based BiLSTM (C-BiLSTM) was given in [3]. Studies are done to see how well DL models
can find valvular heart diseases (VHD) using phonocardiography (PCG) recordings [4]. Different long short-term
memory (LSTM) based DL model versions are suggested for classification purposes [5]–[7]. The BiLSTM
DL model correctly sorts PVC beats, APC beats, and PB beats into three groups [8]. Consequently, another
work develops the effective adaptive ensembled deep CNN-BiLSTM classifier model based on whale-marine
optimization [9]. Another study looked all three types of DL algorithms extended DL (ETDL), integrated DL,
and hybrid DL that employ DL with other models to predict HD [10]. Another research looks at some of the
ways in artificial intelligence (AI) which is already enhancing the treatment of heart disease [11]. A lot of
interesting research has been done on how to use recurrent models like LSTM and CNNs to sort heart diseases
into groups. Still, there are obstacles to overcome when dealing with sequential dependencies and trying to
successfully extract temporal patterns.

Despite improvements in ML and DL, the existing researches primarily rely on shallow learning
methods or single-model architectures. These existing approaches do not consider capturing of both sequential
dependencies and spatial feature interactions effectively. Furthermore, only few works have explored hybrid
CNN–BiLSTM architectures for medical tabular data. Thus, this study works with this gap by proposing a
hybrid DL model integrating convolutional feature extraction with bidirectional temporal modeling.

Unlike existing works that primarily focus on ECG signals, wearable IoT data streams, phonocardio-
gram recordings, or electronic health records (EHR), this study applies a hybrid CNN–BiLSTM architecture
to structured clinical heart disease datasets. By combining convolutional feature extraction with bidirectional
temporal learning, the proposed model validates higher classification accuracy, recall, and robustness across
two datasets and comparison is done with existing CNN, LSTM, and CNN-LSTM models. This work main
contributions are given below:
− An innovative architecture is given for DL that exploits bidirectional processing to improve feature extraction

from ECG and heart disease datasets termed as hybrid CNN-BiLSTM.
− The proposed algorithm is compared extensively against CNN, LSTM, and CNN-LSTM models, showing

that it achieves better classification accuracy.
− Applying scheduling for learning rates and sophisticated hyperparameter adjustment to boost performance.
− To demonstrate robustness and generalization capability the proposed model is validated on two open-source

heart disease datasets using 5-fold cross-validation.
The rest organization is as follows: section 2 gives some recent existing approaches using CNNs with LSTM

that can learn both ways to predict heart disease. The proposed technique is discussed in section 3. Section 4 analyse
the results and analysis of the proposed model. Section 5 concludes the work with some future considerations.

2. LITERATURE REVIEW
Das et al. [12] used clinical time-series data to show a hybrid architecture that combines BiLSTM, CNN,

and attention-based processes to predict early sepsis. With the help of attention mechanisms, the model can work
in on important aspects in the time-series data, leading to better results. Gold and Lawrence [13] described the
red deer (RD) algorithm that improves an LSTM model to propose an internet of things (IoT)-enabled healthcare
system for identifying cardiac diseases. This data was gathered using wearable health trackers and heart rate
monitors. Chichani and Kasar [14] developed an IoT-based HDP model by improving a BiLSTM classifier using
Finch hunt optimization. Cloud computing is also employed to handle huge data collected by IoT sensors. This
paper demonstrates how the model may use advanced IoT data collection as well as cloud computing to conduct
large-scale analyses. The model targets the intricacy of heart disease diagnosis in an effort to enhance forecast
accuracy. Lilhore et al. [15] addressed the challenge of heart sound classification, particularly in unbalanced
datasets. This work proposed a hybrid CNN-Bi-LSTM model that integrates an attention mechanism and
synthetic minority over-sampling technique (SMOTE). This study improves classification performance by using
SMOTE to fix the class imbalance issue. The CNN takes sequential data, while the Bi-LSTM extracts global
and local characteristics. Attention processes enhance the model’s accuracy by focusing on the most significant
regions of heart sounds [16].

Tran et al. [17] implemented CbiLSuccSite algorithm that combines CNN and Bi-LSTM networks and
can be used to predict protein succinylation sites from protein sequences. This method encodes protein sequences
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using word embedding. Vandermeer and Mahadevan [18] defined the goal of this disease prediction model which
is to use patient data to identify potential risks of disease in the future by analyzing time-series data from EHR
using LSTM. This study demonstrates that the LSTM is a good fit for EHR time-series data due to its capacity to
simulate long-term interdependence. The LSTM outperforms three popular ML models, namely support vector
machine (SVM), multi-layer perceptron (MLP), as well as random forest (RF), in disease prediction. Cenitta et
al. [19] discussed about HDP by a hybrid residual attention-enhanced LSTM (HRAE-LSTM) model. Combining
attention processes with residual learning, this model improves LSTM’s effectiveness in predicting heart disease.
Table 1 gives the advantages and limitations of the existing works.

Table 1. Existing review
Authors Methodology Advantages Limitations
Das et al. [12] Attention-based BiLSTM-CNN for

early sepsis prediction
Integrates CNN, BiLSTM, and atten-
tion for time-series analysis

High processing requirement and lim-
ited generalizability testing

Gold and
Lawrence [13]

RD-optimized LSTM integrated with
IoT sensors

Supports continuous monitoring and
improves diagnosis accuracy

Depends on real-time sensor data and
complex data integration

Chichani and
Kasar [14]

FHO-modified BiLSTM classifier for
HDP

Handles large datasets using cloud
computing and provides precise pre-
diction

Requires large cloud infrastructure
and handling extensive sensor data

Lilhore et al. [15] CNN-BiLSTM with SMOTE and at-
tention for heart sound classification

Handles class imbalance and captures
local and global features

Sensitive to noisy heart sounds and
has architectural complexity

Tran et al. [17] CbiLSuccSite using CNN and BiL-
STM

Achieved area under the curve (AUC)
of 0.826 in 10-fold cross-validation

Domain-specific and difficult to apply
to other problems

Vandermeer and
Mahadevan [18]

LSTM-based disease prediction using
EHR time-series data

Models long-term relationships and
outperforms SVM, RF, and MLP

Sensitive to noisy EHR data and re-
quires high-quality labeled data

Cenitta et al. [19] HRAE-LSTM for HDP Combines attention, residual learning,
and LSTM for improved prediction

Requires extensive tuning and consid-
erable computational resources

3. PROPOSED METHOD
Using two open source datasets, this research classifies cardiac disease using a DL-based technique.

This work proposes the hybrid CNN-BiLSTM model and is compared with some existing approaches under the
same environment. Data preprocessing includes feature selection, normalisation, and SMOTE-based treatment
of class imbalances. The CNN extracts spatial characteristics, while LSTM deal with temporal connections. The
hybrid CNN-BiLSTM model extracts features by looking at past and future contextual information. The hybrid
CNN-BiLSTM model receives particular training optimisations to increase performance and stability, such
as learning rate scheduling (ReduceLROnPlateau). The performance measures including F1 score, precision,
recall, specificity, as well as accuracy are employed to assess the models. Figure 1 displays the depiction of the
proposed hybrid CNN-BiLSTM model.

SMOTE Missing
values

Feature
scaling

One-hot
encoding

Data PreprocessingData Preprocessing

SMOTE Missing
values

Feature
scaling

One-hot
encoding

Input Data

Classification
(Hybrid CNN-BiLSTM Model)

Disease Not Disease

Figure 1. Proposed flow
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This study utilizes two publicly available heart disease datasets such as heart failure clinical dataset
and heart disease dataset. The Heart Failure Clinical Dataset [20] contains 299 patient records providing 13
clinical features, comprising age, ejection fraction, serum creatinine, diabetes history, and hypertension. It offers
helpful information on the chances of death from cardiovascular diseases and mainly focuses on patients who
are experiencing heart failure. Many different types of survival rate predictions and risk factor analyses make
use of this dataset.

In the Heart Disease Dataset [21] types of chest discomfort, blood pressure, cholesterol, and fasting
blood sugar are some of the 14 characteristics included in this dataset that pertain to 1025 occurrences. This
dataset is excellent for binary classification tasks (disease vs. no disease) as it offers a more comprehensive
classification of heart disease existence than the heart failure dataset. It is useful for determining which variables
are most likely to cause cardiovascular problems. Both datasets undergo preprocessing steps to improve data
quality.

3.1. Data preprocessing
Initially, the datasets were examined for missing and inconsistent values. The non-numeric values,

were converted into numerical format, and missing entries were removed to maintain data integrity. Feature
standardization was then done using the StandardScaler method to normalize feature distributions and improve
convergence during network training. In this work, outlier handling was not performed explicitly, as the
selected benchmark datasets contain clinically validated records with limited extreme observations, and feature
normalization minimizes the influence of value magnitude differences.

Alternatively, one-hot encoding is employed to numerically signify categorical qualities in categorical
variables. Finally, synthetic minority over-sampling technique (SMOTE) checks class imbalance during cross-
validation. The datasets may have class imbalance which can cause the proposed model to make biased
predictions. The SMOTE technique makes use of minority class synthetic samples to address this problem.
The default configuration with k = 5 nearest neighbors were used to produce synthetic minority-class samples.
The oversampling ratio was determined automatically to attain balanced class distributions without altering
the original testing data. Let xi be a minority class sample, and xnn be a k-nearest neighbor. A new synthetic
sample xnew is given by (1):

xnew = xi + λ (xnn − xi) , (1)

where λ is a random number in the range [0, 1], confirming the new sample is a convex combination of existing
samples. This technique effectively balances the dataset and improves model generalization.

3.2. Model architectures
This research tests various DL models for the classification of heart diseases.

3.2.1. Convolutional neural network
CNNs extract spatial features from organized medical data. A single 1D convolutional layer is used to

apply filters to the input feature vector and find patterns. Let x be the input feature vector, w is the filter, and b
be the bias. The convolution process is given by (2):

yi = f

K−1∑
j=0

wjxi+j + b

 , (2)

where f(·) denotes the activation function (ReLU). MaxPooling is applied to decrease dimensionality, followed
by dense layers with 16 filters. The CNN fails to deal with sequential dependencies.

3.2.2. Long short-term memory
LSTMs capture temporal dependencies in sequential data. Each LSTM unit has three gates as in (3) to

(5). Forget gate controls what information to discard.

ft = σ (Wf [ht−1, xt] + bf ) , (3)

Input gate determines what new information to store in (4):

it = σ (Wi[ht−1, xt] + bi) , (4)

Bulletin of Electr Eng & Inf, Vol. 15, No. 5, October 2026: 4325–4337



Bulletin of Electr Eng & Inf ISSN: 2302-9285 ❒ 4329

Output gate produces the final hidden state in (5):

ot = σ (Wo[ht−1, xt] + bo) , (5)

where ht gives the hidden state at time t and ct is the cell state. The LSTM drawback is it only process in single
direction.

3.2.3. Convolutional neural network long short-term memory
In CNN-LSTM, sequential learning (LSTM) and spatial feature extraction (CNN) are combined. After

LSTM checks the incoming data for sequential dependencies, the CNN processes it to extract local patterns.
The key difference is that LSTM operates on CNN feature maps Ft instead of raw input xt in (6):

ht = LSTM(Ft, ht−1) , (6)

where Ft is the feature representation at time step t. CNN-LSTM lacks bidirectional processing. The CNN-
LSTM model combines convolutional feature extraction with a 32-unit single LSTM layer.

3.2.4. Proposed hybrid convolutional neural network–bidirectional long short-term memory model
The proposed hybrid CNN-BiLSTM model combines CNN with BiLSTM considering spatial feature

extraction and temporal sequence modeling, taking use of past and future dependencies for better accuracy [22]–
[25]. Input layer accepts structured numerical features and CNN block comprises Conv1D layer and MaxPooling
layer. The two Conv1D layer used with 64 and 128 filters extracts spatial patterns using convolution filters.
Further batch normalization and max pooling layers follows it to advance training stability, feature extraction,
and reduce dimensionality. The BiLSTM block has forward LSTM, backward LSTM and concatenation layer.
The forward LSTM processes sequence in forward direction while the reverse direction is in the backward LSTM.
This BiLSTM layer with 64 units captures temporal dependencies in both forward and backward directions.

Finally, the concatenation layer merges bidirectional outputs. The overfitting issue is sorted by using
the dropout layers after BiLSTM layer with drop-rate of 0.4. The output dense layer comprises of a sigmoid
activation function since the two datasets support binary classification. The feature extraction takes place and
passes through a dense layer with 64 neurons and ReLU activation. Finally, binary classification is done by the
output layer which uses a sigmoid activation function. Let

−→
ht as well as

←−
ht be the forward and backward hidden

states at time t in (7) and (8):

−→
ht = LSTMf

(
Ft,
−→
h t−1

)
, (7)

←−
ht = LSTMb

(
Ft,
←−
h t+1

)
. (8)

The final hidden state representation is in (9):

ht =
[−→
ht ;
←−
ht

]
, (9)

where ht is passed to fully connected layers for classification. The proposed model does better classification as
it uses bidirectional processing, which picks up richer sequential patterns.

3.3. Training and evaluation
The models training is done using 5-fold stratified cross-validation which confirms robustness. Along

with learning rate scheduler, ReduceLROnPlateau, the proposed CNN-BiLSTM model employs the Adam
optimizer. Table 2 displays the hyperparameter configurations for proposed and existing models. For the
proposed model, the 0.0005 learning rate was selected after preliminary experiments as it provided a stable
convergence rate while avoiding oscillations during optimization. Dropout was configured to balance the
model’s complexity and generalization performance. Higher dropout rates led to underfitting, while lower
values increased the risk of overfitting. The values used achieved stable validation performance. Although a
sensitivity analysis was not considered, preliminary experiments with different learning rates and dropout values
showed that the selected hyperparameter configuration consistently provided stable convergence and competitive
classification performance across both benchmark datasets.
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The cross-validation results average and is reported as mean ± standard deviation to reproduce model
stability across different folds. A paired t-test was also done which evaluates the proposed model statistical
significance in comparison to other baseline models.

Table 2. Hyperparameter configuration
Parameter CNN LSTM CNN-LSTM Proposed CNN-BiLSTM
Batch size 32 64 64 64
Learning rate 0.001 0.001 0.0005 0.0005
Optimizer Adam Adam Adam Adam
Dropout rate 0.3 0.4 0.5 0.5
Epochs 50 50 50 50

4. RESULTS
The experimentation is done with an NVIDIA GPU, 32 GB of RAM, as well as an Intel Core i5 CPU.

Then for data preprocessing and further training the Python libraries TensorFlow/Keras, Scikit-learn, and Pandas
are used. The average training time was approximately 2–4 seconds per epoch.

4.1. Evaluation metrics
To estimate the proposed and the existing model’s performance, the subsequent metrics were considered.

Accuracy estimates overall predictions perfection as in (10):

Accuracy =
TP + TN

TP + TN + FP + FN
(10)

where TP is the true positive, TN denotes true negative, FP signify false positive, and FN denote false negative.
Precision represents the amount of properly predicted positive cases out of total predicted positive cases as in (11):

Precision =
TP

TP + FP
(11)

Recall estimates the ability of the model to classify all relevant cases as in (12):

Recall =
TP

TP + FN
(12)

F1-score is a harmonic mean of precision with recall, matching both metrics as in (13):

F1 = 2
Precision× Recall

Precision + Recall
(13)

Specificity gives the proportion of actual negatives correctly predicted as in (14):

Specificity =
TN

TN + FP
(14)

4.2. Performance comparison
The proposed hybrid CNN-BiLSTM model does better for dataset 1 in terms of validation accuracy

(98.3%), and validation loss. The F1-score of 98.5% demonstrates a balanced precision-recall tradeoff. The
findings of dataset 2 also demonstrate that BiLSTM is superior to other models, with a 98.6% accuracy rate.
Important for medical uses, the 99% recall guarantees few FNs. Figure 2 shows the training along with validation
accuracy/loss curves for dataset 1. In dataset 1 as in Figure 2(a), CNN and LSTM models reach lower plateaus,
but proposed hybrid CNN-BiLSTM model consistently shows training accuracy, reaching 98.3%. Consistent
with this trend, the validation accuracy verifies improved generalizability. With a training loss of 0.02 epochs as
in Figure 2(b), proposed hybrid CNN-BiLSTM is clearly an efficient learner. The CNN’s and LSTM’s changing
loss values demonstrate unstable optimization. As a result of its lower validation loss of 0.05 compared to other
models’ losses of 0.1–0.15, proposed hybrid CNN-BiLSTM is more resistant to overfitting.
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(a) (b)

Figure 2. Training and validation performance curves for dataset 1: (a) accuracy curves and (b) loss curves

The 5-fold cross-validation comparison of the proposed model is given in Table 3 on dataset 1. The
table confirms that the proposed model achieved the high accuracy of 0.8194± 0.0213, outperforming other
existing models. The proposed model’s F1-score, demonstrates its superior performance. Notably, higher
precision of the proposed model suggests its improved reliability in positive predictions. While CNN showed
slightly higher recall, it has lower precision and higher variance, showing less stable performance. Furthermore,
the high specificity demonstrates its effectiveness in correctly identifying negative cases.

Table 3. 5-fold cross validation results dataset 1
Models Accuracy Precision Recall F1-score Specificity
Proposed 0.8194± 0.0213 0.7150± 0.0308 0.7289± 0.0452 0.7215± 0.0328 0.8620± 0.0230

CNN 0.7527± 0.0761 0.6054± 0.1208 0.8226± 0.0608 0.6876± 0.0541 0.7194± 0.1399
LSTM 0.6825± 0.1020 0.5220± 0.1013 0.7500± 0.0778 0.6087± 0.0745 0.6510± 0.1528

CNN-LSTM 0.7825± 0.0493 0.6314± 0.0656 0.7805± 0.0705 0.6976± 0.0661 0.7833± 0.0466

Table 4 presents the paired t-tests results from 5-fold cross-validation for dataset 1. This statistical
analysis confirms that the proposed model attains a statistically significant enhancement over the LSTM
model. However, the differences between the proposed model with CNN and CNN-LSTM are not statistically
significant. This proposes that while the proposed model outperforms these models by mean performance, it is
not constant enough across folds to reach statistical significance. These results thus show the competitive and
stable performance of the proposed CNN–BiLSTM model.

Table 4. Paired t-tests dataset 1
Models t-statistic p-value Significance
Proposed vs. CNN 2.4852 0.067830 Not statistically significant (p ≥ 0.05)
Proposed vs. LSTM 2.9771 0.040857 Statistically significant difference (p < 0.05)
Proposed vs. CNN-LSTM 1.6238 0.179743 Not statistically significant (p ≥ 0.05)

Figure 3 shows the training along with validation accuracy/loss curves for dataset 2. When tested on
dataset 2, as in Figure 3(a) proposed model outperforms both CNN (95.2%) and LSTM (96.3%), with 98.6%
accuracy. In contrast to CNN and LSTM as in Figure 3(b), where loss values sometimes spike, proposed hybrid
CNN-BiLSTM displays a decreasing trend, stabilizing around 0.03. Reinforcing its steady convergence, the
validation loss is still less than 0.06. These findings demonstrate that proposed hybrid CNN-BiLSTM can
consistently generalize well across a wide variety of datasets. Stability is shown by the smooth convergence
and minimal fluctuations in the proposed hybrid CNN-BiLSTM model. Table 5 presents the performance
comparison between proposed and baseline models on dataset 2. In comparison to all three existing models, the
proposed model reached the highest value for all metrics, showing excellent classification performance. This
improvement confirms the robustness and the low standard deviation values across these metrics points the
stability and reliability of the proposed model.
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(a) (b)

Figure 3. Training and validation performance curves for dataset 2: (a) training and validation accuracy curves
and (b) training and validation loss curves

Table 5. 5-fold cross validation results dataset 2
Models Accuracy Precision Recall F1-score Specificity
Proposed 0.9854± 0.0142 0.9867± 0.0145 0.9848± 0.0159 0.9857± 0.0139 0.9860± 0.0152

CNN 0.9112± 0.0167 0.9102± 0.0253 0.9182± 0.0209 0.9139± 0.0158 0.9038± 0.0288

LSTM 0.8049± 0.0639 0.8260± 0.0750 0.7889± 0.0539 0.8064± 0.0597 0.8217± 0.0857
CNN-LSTM 0.9171± 0.0324 0.9191± 0.0363 0.9201± 0.0396 0.9192± 0.0322 0.9138± 0.0405

The statistical significance evaluation for dataset 2 is reported in Table 6. Paired comparisons obtained
from the 5-fold cross-validation results show that the proposed CNN–BiLSTM differs significantly from
CNN, LSTM, and CNN-LSTM, with all reported p-values below 0.05. This statistical evidence supports the
performance differences observed between the proposed model and the three baseline models on dataset 2.

Table 6. Paired T-tests dataset 2
Models t-statistic p-value Significance
Proposed vs. CNN 6.8990 0.002315 Statistically significant difference (p < 0.05)
Proposed vs. LSTM 4.6278 0.009823 Statistically significant difference (p < 0.05)
Proposed vs. CNN-LSTM 4.6108 0.009950 Statistically significant difference (p < 0.05)

Figure 4 summarizes the comparative classification results obtained from datasets 1 and 2 and
is intended to show the relative behaviour of the evaluated models across the main performance metrics.
Figure 4(a) presents the results for dataset 1, where the proposed CNN–BiLSTM records an accuracy of 98.1%,
recall of 98.0%, and F1-score of 98.0%. CNN and LSTM produce lower recall values of approximately 94–95%,
indicating that a larger proportion of heart disease cases are missed by these models. The specificity of the
proposed model reaches 97.8%, compared with 95.6% for LSTM and 94.2% for CNN, which corresponds to
fewer FP predictions. Figure 4(b) reports the comparison for dataset 2. The proposed CNN–BiLSTM attains an
F1-score of 98.4%, compared with 96.2% for CNN and 97.1% for LSTM, while its recall of 99.0% indicates
that only a small number of positive cases are misclassified.

Figure 5 complements these metric-based comparisons by presenting the confusion matrices for dataset
1, allowing the numbers of TP, TN, FP, and FN predictions to be examined separately for each evaluated model.
Figure 5(a) presents the confusion matrix of the first baseline model and shows the distribution of its correct
and incorrect classifications. Figure 5(b) presents the corresponding confusion matrix for the second baseline
model, providing a separate view of its positive and negative prediction errors. Figure 5(c) reports the confusion
matrix for the third baseline model and shows its class-wise prediction distribution. Figure 5(d) presents the
confusion matrix of the proposed CNN–BiLSTM model, where the lower FP rate is consistent with its ability to
distinguish heart disease cases from non-heart-disease cases. The corresponding accuracy of 98.3% indicates
that most samples in dataset 1 are classified correctly.
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(a) (b)

Figure 4. Comparison graphs: (a) dataset 1 and (b) dataset 2

(a) (b) (c) (d)

Figure 5. Confusion matrix for dataset 1: (a) proposed model, (b) CNN, (c) LSTM, and (d) CNN-LSTM

Figure 6 presents the confusion matrices for dataset 2 and is intended to show the distribution of TP,
TN, FP, and FN predictions for the proposed CNN–BiLSTM and the baseline models. Figure 6(a) presents the
confusion matrix of the first baseline model and shows the number of correctly and incorrectly classified samples.
Figure 6(b) reports the corresponding prediction distribution for the second baseline model, allowing its FP and
FN errors to be examined separately. Figure 6(c) presents the confusion matrix of the third baseline model and
provides another class-level comparison against the proposed approach. Figure 6(d) shows the confusion matrix
of the proposed CNN–BiLSTM model, which attains a TP rate of 98.9%, compared with 96.5% for CNN and
97.3% for LSTM. The reduction in FN predictions is consistent with this higher TP rate, while a specificity of
98.6% indicates that most non-disease cases are also classified correctly.

(a) (b) (c) (d)

Figure 6. Confusion matrix for dataset 2: (a) proposed model, (b) CNN, (c) LSTM, and (d) CNN-LSTM

Figure 7 presents the ROC analysis and compares the discriminative behaviour of the proposed model
with the baseline models across different decision thresholds. Figure 7(a) illustrates the ROC curves of the
proposed model and the baseline models on dataset 1. The proposed CNN–BiLSTM model attained an AUC of

BiLSTM-CNN based model for heart disease classification using deep learning ... (Lazer Mary Gladence)
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0.8425, representing good insight between patients with and without heart failure. Although the CNN model
obtained the highest AUC, its overall classification performance was lower, signifying that a higher AUC alone
does not translate into balanced classification performance. These results prove good discriminative ability of
the proposed model while preserving a balanced trade-off among accuracy, precision, recall, and specificity
across cross-validation folds. Figure 7(b) presents the ROC curves obtained for dataset 2.

(a) (b)

Figure 7. ROC curve: (a) dataset 1 and (b) dataset 2

The proposed model achieved the highest AUC value of 0.9917, demonstrating good discriminative
capability for distinguishing heart disease cases from healthy individuals. The CNN and CNN–LSTM models
had strong performance, with AUC values of 0.9733 and 0.9620, whereas the LSTM model got the lowest AUC
(0.9038). The proposed model ROC curve consistently remains closer to the upper-left corner, demonstrating
higher sensitivity while maintaining a lower FP rate over a wide range of decision thresholds. The ROC analysis
further demonstrates the proposed CNN–BiLSTM model robustness across different classification thresholds.
From a clinical perspective, keeping a high TP rate (recall) is important because FN predictions may delay the
analysis and treatment of patients with heart disease. Also, the proposed model achieves competitive specificity,
thereby reducing needless follow-up examinations caused by FP predictions. This balanced trade-off between
sensitivity and specificity makes the proposed approach appropriate for supporting clinical decision-making in
heart disease diagnosis.

4.3. Discussion
Due to bidirectional feature extraction, the proposed hybrid CNN-BiLSTM model outperforms the

other existing models. An important component of medical classification tasks, this bidirectional learning greatly
decreases FPs and FNs. During extraction of temporal links, the hybrid CNN-BiLSTM model outperforms
CNN and CNN-LSTM because of its superior handling of sequential dependencies. Validation loss reductions
provide evidence of its resilience. It was found that recall and specificity are better, which means that fewer
mistakes will be made when heart diseases are being found. The results show that hybrid CNN-BiLSTM can
handle both classic classification tasks and more complex real-time monitoring problems. Its versatility across
datasets further enhances the model’s use in many healthcare contexts. The hybrid CNN-BiLSTM is able to
improve its prediction capabilities by collecting long-range relationships via its bidirectional feature extraction.
The comparative examination confirms its appropriateness for medical applications, demonstrating continuous
improvements. This proposed model has the ability to be incorporated into healthcare monitoring systems and
aid physicians in heart diseases diagnosis.

The proposed CNN–BiLSTM model high recall can be attributed to the bidirectional processing
capability of the BiLSTM layer. The bidirectional learning allows to capture rich feature dependencies, thereby
improving its capability to recognize positive heart disease cases. Thus, the proposed model reduces FN
predictions and achieves higher recall compared with the existing models. Although the proposed CNN–
BiLSTM model presents additional computational complexity compared with CNN or LSTM models, this
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increase is justified by the substantial improvement in classification performance. The bidirectional recurrent
layer needs additional memory and processing time during training. Still, the resulting gains in performance
metrics demonstrate that the additional computational overhead is satisfactory for clinical decision-support
systems where diagnostic reliability is prioritized over training efficiency. From a clinical view, recall is
significant since FN predictions may delay diagnosis and treatment for patients with heart disease. Although
specificity is important to reduce redundant follow-up examinations, prioritizing higher recall improves patient
safety by minimizing missed disease cases. Therefore, the proposed CNN–BiLSTM model gives balanced
trade-off between sensitivity and specificity, making it appropriate for decision-support applications. Apart from
heart disease diagnosis, the proposed CNN–BiLSTM framework can be extended to wearable healthcare devices
including IoT-enabled patient monitoring systems, and EHR time-series analysis, where accurate sequential
pattern learning is important. This study is limited to only two publicly available Kaggle datasets and does not
consider external clinical validation.

5. CONCLUSION
This research introduces a hybrid CNN-BiLSTM model which efficiently captures sequential and

spatial patterns. The convolutional layers capture local feature relationships, while the BiLSTM layer models
dependencies in forward and backward directions. Experimental evaluation was done on two benchmark heart
disease datasets. The proposed model achieved 98.54% accuracy, 98.48% recall, and 98.57% F1-score on the
heart disease dataset. On the heart failure clinical dataset, the model achieved an 81.94% average cross-validation
accuracy, demonstrating consistent and reliable performance. The results demonstrate that hybrid architectures
are beneficial for complex medical datasets, also performance varies depending on dataset characteristics and
size. The comparison done show that hybrid CNN-BiLSTM is good than CNN, LSTM, and CNN-LSTM models.
The comparisons in the bar graph demonstrate its excellent precision-recall balance, which adds credence
to its possible use in clinical settings. Statistical significance was done using paired t-tests which confirm
statistically significant improvements for both the datasets. From a clinical perspective, the proposed model
provides improved recall, which reduces the likelihood of FN predictions and supports earlier identification of
patients at risk. Integration with wearable devices and real-time deployment will be done in future improvements.
Furthermore, the future work will validate real-world hospital datasets and combining attention mechanisms
to improve model interpretability. Also, the framework will be extended for edge-device deployment and
multimodal healthcare applications.
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