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Abstract—As technology has advanced rapidly in the healthcare industry, the use of machine learning techniques has become vital 

for disease diagnosis and clinical decision-making. Smart solutions are also employed in hospitals and healthcare companies to 

support disease detection at an early stage by making use of medical records and clinical information of patients. The research looks 

at a CNN-BiLSTM model that combines CNN and BiLSTM to find the disease early on. However, the UCI Heart Disease dataset has 

problems finding the disease. Training and testing use a 70:30 split of data, and the technique includes data pre-processing steps such 

outlier removal, Min-Max normalisation, and missing value imputation. Improve prediction accuracy with the help of the suggested 

CNN-BiLSTM model's spatial feature extraction and forward and backward learning sequence capabilities. Based on the 

experimental findings, the suggested model achieves better performance than the traditional ML models, such as MLP (0.99), 

AdaBoost (0.99), Logistic Regression (0.97), and XGBoost (0.96). It achieves an ACC of 99.62%, PRE of 99.95%, REC of 99.94%, 

and an F1 score of 99.98%. These results suggest that the hybrid approach is a comprehensive and reliable tool for early disease 

detection that allows timely clinical interventions and better patient management. 

Keywords—Artificial Intelligence, Real-Time Monitoring Healthcare, Machine Learning, Disease Prediction, Medical Database, 

Preventive Care, Personalized Medicine. 

 

I. INTRODUCTION 

The healthcare industry is undergoing a tremendous 
change, with digital technologies gradually being used in all 
contexts and industries, while electronic health records 
(EHRs)[1] are being adopted, wearable devices are becoming 
more popular, and medical imaging has been growing. IoMT 
platforms are increasingly ubiquitous. All of these 
technologies generate a huge amount of clinical data, which 
can be utilized to improve diagnosis of disease and care for 
the patient[2]. The early detection is important in modern 
healthcare as early diagnosis ensures timely treatment, slows 
down the progression of the disease, reduces healthcare costs, 
and improves the likelihood of patient survival[3][4]. Chronic 
diseases such as diabetes, cardiovascular diseases[5][6][7],  
cancer and neurological diseases have become more common 
and, as a result, intelligent health care solutions are becoming 
more important in order to improve clinical results and to 
enable preventive health care activities[8][9][10][11]. 

Healthcare is grappling with artificial intelligence (AI) as 
a technology that holds significant promise for predictive 
analysis and ability to uncover insights from vast amounts of 
medical data. Disease can be identified at an early stage 
through AI-powered predictive algorithms that analyze EHRs, 
lab results, medical imaging, wearable data, and lifestyle 
data[12][13]. This data-driven approach enhances healthcare 

service efficiency, supports accurate clinical decision-making, 
enables personalized treatment planning and allows for 
ongoing patient monitoring. Therefore, the current trend of AI 
in healthcare has brought a change in the focus from treating 
disease to preventing disease and intervening on an early 
basis[14][15][16].  

Healthcare data has been growing exponentially, and 
predictive analytics is a key part of disease diagnosis and risk 
assessment. The goal of predictive analytics is to find hidden 
patterns and connections in medical data using intelligent 
computation and statistical analysis, and to predict the chance 
of medical events happening before symptoms become 
serious [17]. The ability to monitor health continuously using 
wearable devices and BSNs provides real-time physiological 
data for early detection and preventive health care. The 
effective implementation of an AI-based healthcare system is 
fraught with challenges, the most significant of which are 
concerns around data privacy, security, quality, and ethics 
[18][19][20]. 

ML and DL have become essential technologies for 
developing intelligent disease prediction systems because they 
can automatically learn complex patterns from large and 
diverse healthcare datasets. These methods enhance 
prediction power, cut down on diagnostic mistakes, and aid 
health professionals in making prompt and correct choices. 
They have been found to be capable of processing structured 
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and unstructured medical data leading to a better detection of 
diseases at a very early stage and better healthcare [21][22]. 
This study introduces an AI-based predictive analytics model 
for finding diseases early on using ML techniques to improve 
the ACC of diagnostics and help doctors make better decisions 
[23][24]. 

A. Motivation and Contribution 

This work is motivated by increasing demands for accurate 
and intelligent early illness detection systems. These systems 
are very important for getting diagnoses quickly and helping 
patients do better. Traditional ML methods can limit ability to 
understand complex relationships in clinical data, thereby 
affecting the ACC of prediction. In order to improve ACC of 
disease predictions and to aid in trustworthy clinical decision-
making, this study suggests a CNN-BiLSTM model that 
mixes efficient feature extraction with sequential learning. 
The following are a few of the most important contributions 
made by this study: 

• Created and tested the suggested early illness detection 
model using the UCI Heart Disease dataset, which 
includes demographic and clinical patient data. 

• Developed a hybrid CNN–BiLSTM model for 
intelligent early disease detection using clinical 
healthcare data. 

• To improve quality of data, missing values were 
handled, outliers were eliminated, data was 
normalised, features were selected, and data was 
balanced. 

• Utilised analysis of variance feature selection to isolate 
critical clinical characteristics and lower data 
dimensionality. 

• Improved prediction performance by leveraging 
feature extraction power of CNN and bidirectional 
sequence learning power of BiLSTM. 

• Evaluated proposed model in a comparative manner 
with conventional ML and DL algorithms. 

• Developed an efficient and reliable structure for 
disease prediction and clinical decision making in 
healthcare applications with ACC. 

B. Justification and Novelty 

The increasing need for precise and trustworthy early 
detection tools to assist medical professionals in making 
prompt therapeutic choices justifies the planned investigation. 
The suggested CNN-BiLSTM model outperforms more 
conventional ML approaches in terms of prediction ACC by 
integrating the feature extraction capabilities of CNN with the 
bidirectional relationship modelling capabilities of BiLSTM. 
The implementation of comprehensive data processing and 
feature selection as ANOVA increases robustness and 
generalizability of framework. Using clinical healthcare data 
and intelligence, this integration provides a unique and 
effective method for early illness diagnosis. 

C. Structure of the Paper 

The structure of the paper is as follows: Section II provides 
a review of related work in Early Disease Detection, Section 
III describes dataset, the preprocessing steps and model 

implementation, Section IV gives experimental results and 
comparative analysis, and The study is concluded in Section 
V with a summary of the key results and recommendations for 
further research.  

II. REVIEW OF LITERATURE  

The current methodology, datasets, findings, and research 
needs for early illness detection were identified by a thorough 
literature analysis. The proposed study is based on 
comparative summary of proposed models, the datasets used, 
major findings and the limitation reported to the literature in 
Table I. 

Aziz, (2026) EHRs, imaging studies, genetic information, 
and real-time patient monitoring are all included into the 
proposed system's predictive analytics pipeline.  It utilizes an 
ensemble of RF, XGBoost and DNN, and the ACC is 94.78% 
while the AUC-ROC score is 0.951. The study not only 
tackles the challenges of data heterogeneity, privacy and 
algorithmic bias in an ethical way, but it also incorporates 
SHAP-based interpretability to enhance transparency of the 
model [25]. 

Prajakta and Pankaj, (2026) uses a variety of data sources 
and cutting-edge algorithms to improve the detection of 
diseases in rice, wheat and bajra crops. It uses VGG19, Auto 
Encoders based on GAN and ResNet50 for efficiently 
extracting features from drone, thermal and RGB images. 
Experimental results show that ACC, PRE, REC and detection 
delay are improved by 8.5%, 9.4%, 4.9% and 6.5% 
respectively [26]. 

M and N, (2025) investigate the connection between 
demographic and clinical data, the LightGBM algorithm, and 
the risk prediction of CKD. LightGBM model outperforms 
KNN and DT models with the ACC of 96%, REC of 93%, the 
F1 score of 89% for early screening of CKD with high level 
of ACC and identification of important risk factors of CKD 
[27]. 

Adepoju et al., (2024) method is employed to evaluate 
how well the DT, RF, and LR models predict heart disease 
using publicly accessible dataset. All models are equally 
accurate (92%) with the Decision Tree being the fastest to 
execute (0.345 s). The study also pinpoints the age, weight, 
and smoking habits as the major predictors, thus 
demonstrating the power of ML in healthcare [28]. 

Kabir et al., (2023) The suggested methodology is to 
create a ML model for early dementia identification 
employing a dataset of 175 healthy controls and 199 dementia 
patients. The model successfully makes a diagnosis with 96% 
ACC, and offers the promise of ML assisting with early 
diagnosis and prompt clinical intervention in screening for 
dementia [29]. 

A. Hussain and A. Sharma (2022) Biomedical signal 
processing has emerged as an important area for early 
detection of PD through vocal analysis. Therefore, various 
ML models are tested against the UCI ML Repository dataset, 
and best model is the stacking model, which has a 93% ACC 
rate and is effective in predicting early PD [30]. 

 

 

 

TABLE I.  RECENT STUDIES ON EARLY DISEASE DETECTION USING MACHINE LEARNING TECHNQIUES 
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Research gaps: There are some research gaps despite the 
successful results from the existing literature using ML and 
DL techniques for early disease detection. The complicated 
feature relationships and sequential dependencies found in 
clinical data cannot be adequately captured by many models 
that depend on individual algorithms. Prediction reliability is 

also poor due to data imbalances, poor data preparation, 
inadequate feature selection, and inadequate model 
generalisation. More effective methods for intelligent early 
illness diagnosis are required because there are currently no 
strong hybrid DL frameworks that can provide consistent and 
accurate performance. 

 

Fig. 1. Workflow of the Proposed EDD System 

III. RESEARCH METHODOLOGY  

The UCI Heart Disease dataset was used to develop 
suggested methodology. The dataset underwent data 
preparation utilising methods such MICE imputation, IQR 
based outlier elimination, Min-Max normalisation procedure, 
and ANOVA feature selection to improve data quality. For the 
purpose of heart disease prediction, a hybrid CNN-BiLSTM 
model is employed, with processed dataset being divided 
between 70% training and 30% testing. Some of the matrices 
used to evaluate and demonstrate the value of the model 
include ACC, PRE, REC, F1, and confusion. The suggested 
workflow for early disease detection using ML is shown in 
Fig. 1. 

The suggested methodology's steps are explained in depth 
in the section that follows: 

A. Data Gathering and Analysis 

The clinical records of 1,025 individuals with 14 medical 
features related with heart disease diagnosis were used in the 
proposed study, which makes use of UCI Heart Disease 
dataset. The dataset includes clinical, physiological, and 
demographic variables in addition to a target characteristic 
that signals presence or absence of heart disease. Data 

distribution, relationships between features and attribute 
correlations were analyzed using EDA techniques, including 
bar plots, heatmaps, and other visualization methods, as 
illustrated in the following figures. 

 

Fig. 2. Class distribution bar graph 

Figure 2 shows that the target variable has a nearly similar 
distribution across samples; half of the samples consist of 
individuals without heart disease and half of the samples 
consist of patients with heart disease. One possible way to 
prevent prediction bias is to have a balanced class distribution, 
which is crucial in building reliable ML models. 
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The correlation heatmap (Figure 3) indicates that the 
features related to heart disease are not necessarily correlated 
with each other, with different shades of blue indicating 
different strengths of positive correlation, and contrasting 
shades indicating the different strengths of negative 
correlation. It also indicates that features have high positive 
correlation with the target variable (cp, thalach) and exang, 
oldpeak have high negative correlation, which is an indicator 
of feature interaction. 

 

Fig. 3. Triangle Correlation Heat-Map   

B. Data Pre-processing  

The Heart Disease dataset was used for data preparation 
(integration, cleaning, feature selection), which aims at 
improving data quality and performance of model. To begin 
with, preprocessing stage took care of data with missing 
values, eliminated duplicate data, identified and corrected the 
outliers, provided data labeling and also normalised the 
features. These steps ensured the uniformity, ACC and 
appropriateness of the dataset to be used for training the ML 
models. The following are some of most important 
preprocessing processes: 

• Missing Value Handling:  Missing values are 
detected and filled using MICE method to enhance 
model performance and guarantee data consistency.   

• Duplicate Record Removal: Duplicate entry is 
eliminated and data integrity is maintained; redundant 
information is eliminated. 

• Outlier Detection: Identifying and eliminating 
outliers that could have a detrimental impact on the 
learning process is done through the Interquartile 
Range (IQR) method.   

• Label Encoding: Label encoding was applied to 
categorical data, such as class labels and attribute 
categories, converting them into numerical 
representations that are suitable for ML algorithms and 
facilitate efficient model training. 

C. Min-Max Normalization  

The Min-Max normalisation approach was employed for 
the purpose of normalisation. This method scaled all feature 
values from 0 to 1. This pre-processing helps classifiers to 
perform better, makes the features equivalent and decreases 
the effect of any outliers. The normalization procedure can be 
mathematically expressed as follows: 

 𝑋′ =
𝑋− 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 () 

in where X is the starting value of the feature, 𝑋′ is its 

modified value, 𝑋𝑚𝑖𝑛  is its lowest value, and 𝑋𝑚𝑎𝑥   is its 
maximum value. 

D. Feature selection using ANOVA 

Feature selection is used to reduce data dimensionality and 
reduce computational complexity while increasing 
classification ACC by identifying the most relevant features. 
The ANOVA test was used for ranking features by their 
statistical significance in this research, and classification was 
performed using the Scikit-learn module in Python with the 
selected features. The feature importance analysis (Fig. 4) 
identifies the relative contribution of each attribute to the 
prediction of heart disease. The thalach feature has the highest 
relevance in the prediction model at 13.65%, while the fbs 
feature has the lowest relevance at 1.91%, indicating that 
features related to heart rate are more important. 

 

Fig. 4. Feature Importance Analysis for the Heart Disease Dataset 

E. Data Splitting 

The model was fitted using a training set that had 70% of 
the data and a testing set that contained 30% of the data. 

F. Proposed Hybrid Convolutional Neural Network–

Bidirectional Long Short-Term Memory (CNN–BiLSTM) 

Model 

This study develops a CNN-BiLSTM hybrid model for 
early disease identification. Combining CNN with BiLSTM, 
a powerful network for temporal sequence training, allows the 
CNN-BiLSTM model to harness the power of both networks 
while simultaneously extracting spatial characteristics from 
CNN. From input data like images or time-series 
representations, the CNN layer of this hybrid structure extracts 
high-level spatial information. In both the forward and 
backward orientations, Bi-LSTM captures long-term 
relationships. The model is therefore able to represent the data 
in a broader and more discerning light. Equation (2) represents 
the process of convolution with a filter 𝐻 and an input image 
𝑋: 

 𝑦𝑖𝑗 = ∑ ∑ 𝐻𝑎𝑏𝑋(𝑖+𝑎)(𝑗+𝑏)
𝑛
𝑏=1

𝑛
𝑎=1  () 

In this, 𝑦𝑖𝑗  is convolved feature map, 𝐻𝑎𝑏  is the 

convolution kernel, and 𝑋(𝑖+𝑎)(𝑗+𝑏) is local region of input 

image to be processed. Pooling is used to decrease spatial 
dimensions while keeping dominating characteristics, after 
which the output of convolution is activated using an 
activation function called ReLU. This function also eliminates 
negative values. The dimensions of the output feature map 
after pooling are denoted by Eq (3): 

 𝑟ℎ × 𝑟𝑤 × 𝑟𝑐 =
(𝑞ℎ−𝑝+1)

𝑠
×

(𝑞𝑤−𝑝+1)

𝑠
× 𝑞𝑐 () 
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The numbers 𝑞ℎ , 𝑞𝑤 , 𝑞𝑐  stand for height, width, and 
number of feature map channels, correspondingly; 𝑝  is 
pooling filter's size, and 𝑠 is the stride. The flattened feature 
maps obtained from CNN are then fed as input to the Bi-
LSTM layer for sequential learning. 

These features are processed in both temporal directions 
using the Bi-LSTM network. Future-to-past dependencies are 
represented by the backward layer, whereas past-to-future 
dependencies are represented by the forward layer. This bi-
directional processing leaves the model with a memory of the 
context from the whole sequence. The suggested CNN-
BiLSTM hybrid model was trained using Adam optimiser for 
150 training epochs at 0.001 learning rate and 32 batches. An 
activation function called ReLU, a dropout rate of half, and a 
loss function called Binary Cross-Entropy were utilised in this 
binary classification model. These optimized hyperparameter 
values led to stable convergence, minimized overfitting, and 
improved overall performance for disease prediction. 

G. Evaluation Metrics 

The efficacy of suggested design was assessed using a 
number of performance criteria. A classifier's classification 
results are frequently displayed using the confusion matrix, 
with diagonal elements representing positive or negative 
classification and off-diagonal elements representing 
misclassifications. Therefore, the choice of performance 
improvement metrics is ACC, PRE, REC (also called 
sensitivity), and F1. F1, ACC, REC, and PRE may be 
determined using the above formulae. The scores are 4, 5, 6, 
and 7, respectively. These approaches are based on the test 
set's TP, FN, FP, and TN sample numbers: 

 

 

 

 

The ACC may be calculated by dividing the total number 
of successfully detected events in the set by the total number 
of samples. The PRE measure reveals the model's 
dependability in forecasting the occurrence of positive 
outcomes. The rate at which the model correctly identifies 
positive cases is called REC. The F1 is a 0–1 balance of PRE 
and REC.  

IV. RESULTS AND DISCUSSION  

The experimental setup and evaluation of the proposed 
model's performance using a testing dataset are described in 
this section. The outcomes demonstrate model's efficacy, 
dependability, and computational efficiency in predicting 
heart disease.   

A. Experimental Platform 

The proposed model was created and used in cloud based 
Jupyter notebook environment, Google Colab, which supports 
Python language and popular libraries like TensorFlow, 
PyTorch or Scikit-learn. It can scale to up to 52 GB of RAM 
and NVIDIA Tesla K80 GPU acceleration, enabling efficient 
training and evaluation of models, and offers ample storage. 

B. Performance Evaluation 

Training the proposed model on the heart disease dataset 
yielded the results shown in Table II, which also includes 
ACC, PRE, REC, and F1 as testing measures. The prediction 
of heart disease showed high predictive power with the hybrid 
CNN+BiLSTM model with an ACC value of 99.62%. It also 
had a low rate of misclassification and high classification 
ACC (99.95%, 99.94% and 99.98%, respectively). There is 
mounting evidence that the model is robust and reliable in 
correctly detecting cardiac disease, and this study's results add 
to that body of data. 

TABLE II.  PERFORMANCE EVALUATION OF THE PROPOSED EARLY 

DISEASE DETECTION MODEL 

 

 

Fig. 5. Accuracy Curve of the Proposed Model 

The training and testing ACC of the ACCs is continuously 
rising with number of epochs, as shown in Fig. 5, which shows 
the stability of training of proposed model and its increasing 
ACC. As epochs grow and curves move closer to 100% 
accurate, the curves start to differ slightly, indicating strong 
generalization and similar performance on the heart disease 
dataset as epochs progress. 

 

Fig. 6. Loss Curve of the Proposed Model 

Figure 6 plots training and testing loss of suggested model 
across 150 epochs. The loss values show that the model is 
learning and converging effectively since they drop quickly 
during first epochs and then steadily stabilise. Consistently 
low loss in subsequent epochs proves that the suggested model 
accomplishes stable training with strong generalisability. 
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Fig. 7. Confusion matrix of the Proposed Model 

The confusion matrix, shown in Figure 7, demonstrates the 
recommended model's ability to classify and forecast heart 
illness. The model produced accurate results in 150 instances 
of heart disease and 155 cases without illness, with just 3 
samples misclassified and no false negatives, as shown in the 
matrix. According to these outcomes, the suggested model 
accomplishes dependable and correct categorisation with few 
predict errors. 

C. Comparative Analysis 

The proposed model's effectiveness evaluation, as well as 
a comparative ACC evaluation of other existing models, is 
presented in Table III. With a REC of 99.94%, an F1 of 
99.98%, and a PRE of 99.95%, the suggested hybrid 
CNN+BiLSTM model attained the maximum ACC of 
99.62%. When compared, the performance of MLP, 
AdaBoost, LR, and Extreme XGBoost was worse for all the 
relevant measures. High reliability and ACC in detecting 
cardiac disease are demonstrated by the consistently superior 
findings of the suggested model. The results support its 
effectiveness and robustness in early detection of disease. 

TABLE III.  COMPARISON OF DIFFERENT MACHINE LEARNING AND DEEP 

LEARNING MODELS FOR EARLY DISEASE DETECTION 

Model Accuracy Precision Recall F1-score 

MLP[31] 86 87 83 87 

AdaBoost [32] 86.59 92.62 84.15 88.18 

LR[33] 95.50 96.55 95.73 96.14 

XGBoost[34] 97.57 95 90.48 92.68 

Proposed hybrid 

CNN+BiLSTM 
Model 

99.62 99.95 99.94 99.98 

D. Discussion 

The proposed CNN+BiLSTM model achieved an ACC of 
99.62% in early diagnosis of heart diseases, outperforming the 
other models. The use of CNN for automatic feature extraction 
and BiLSTM for sequential dependency results in more 
efficient learning of complex patterns than traditional ML 
approaches. The high PRE, REC, and F1 suggest accurate 
predictions with low false classification rates. The developed 
model is very useful and effective tool for providing clinical 
decision support and early detection of the disease. 

V. CONCLUSION AND FUTURE STUDY 
Early disease detection is a crucial component of the 

modern healthcare system, offering timely interventions and 
improved outcomes for patients. This overview presents some 
examples of ML techniques that are revolutionizing early 
disease diagnosis. Table III presents a brief summary of 
performance of various ML and DL models in early detection. 
The MLP model obtained ACC of 86% while the performance 

of the AdaBoost model is slightly better with 86.59% ACC. 
LR not only excelled in predicting the data but also had an 
impressive ACC of 95.50% in the classification task. 
XGBoost impressed even more on the classification side with 
an ACC of 97.57%. Based on the experimental results, it can 
be clearly seen from the comparative analysis that proposed 
hybrid CNN–BiLSTM model gives highest ACC of 99.62% 
out of all the existing models. The suggested model 
outperforms traditional ML methods in early disease detection 
due to its combination of BiLSTMs for dependency learning 
and CNNs for feature extraction.  

The proposed study will use the UCI Heart Disease 
dataset, which might not be a good representation of all 
clinical groups in the real world. To enhance clinical 
application, interpretability, and generalisation, future work 
will emphasis on validating proposed CNN-BiLSTM model 
using bigger multi-center and multi-disease datasets. 
Additionally, explainable AI approaches and real-time 
healthcare data will be utilised. 
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