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ABSTRACT 

 
Disease early diagnosis is especially important for chronic diseases to achieve a positive outcome for patients with such 

ailments and minimal costs for the treatment. The possibility of early diagnosis and intervention based on the large amount 

of patient data that can be found in EHRs is already quite high. In this research, deep learning approaches will be used to 

screen EHR databases for early identification of Chronic diseases including diabetes, hypertension, and cardiovascular 

diseases. In this talk, based on the CNNs, RNNs, and transformer models, we illustrate how these approaches can explore 

patterns and risk factors of chronic diseases compared to conventional methodologies. These predictions imply that deep 

learning trained on large EHR can be used to identify tendencies for chronic diseases’ emergence, thus allowing for timely 

diagnosis and first-person treatment strategies development. Additionally, the work underscores the need for the 

fundamental steps of data preprocessing, feature selection, and model interpretability to maintain the accuracy and the 

ethical application of these predictive models among clinicians. 
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Diabetes, hypertension, cardiovascular diseases, chronic 
respiratory diseases and so on are important contributors to 
morbidity and mortality [1]. These diseases develop in people 
over years with little obvious signs till clinical symptoms appear, 
and therefore the early diagnosis becomes desirable. Early 
detection of chronic illnesses is one of the best approaches that 
help patients gain better results, spend less on medical 
treatment, and live fuller lives. Considering wider use of 
electronic health records (EHRs), healthcare providers have 
access to a treasure trove of patient data that can then be 
mined for clues lining these diseases [2]. Nevertheless, the work 
underpinning this project established that the large volume and 

richness of EHR data present crude analytical tasks that are 
almost impossible to manage using conventional approaches. 
Machine learning is a branch of AI that has recently been 
advanced into its deep learning that will improve EHR analysis. 
In contrast with other forms of machine learning algorithms that 
depend on hand designed features, deep learning models learn 
features directly from the raw data [3]. This capability makes 
deep learning particularly useful when working with large and 
complex datasets such as EHRs and the information they contain 
which, in addition to numerical data such as lab results and 
medication prescription, can also include free text, clinical 
notes, and imaging reports; collectively known as structured, 
numerically coded, and unstructured data [4]. 

INTRODUCTION 
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Various deep learning architectures have been applied to EHR-
based identification and risk assessment of chronic diseases in 
their early stage. CNNs are best suited to handle medical images 
while RNNs and their LSTM are more suitable for EHRs which 
entail a lot of temporal data [5]. Most recently, transformer 
network originally used in natural language processing gave a 
good indication toward different kinds of sequential and non-
sequential medical data for two reasons, first, based on their 
attention mechanism the model can easily decide which part of 
the input data to focus on. 
Chronic diseases diagnosis using deep learning on EHRs has some 
key steps that it passes through. First, data cleansing means 
applying some preprocessing of data that can include missing 
values and normalizing inputs, and discrete inputs must be coded 
to be used by neural networks. Feature extraction and selection 
with the help of which researchers must decrease the 
dimensionality and find the most valuable predictors are also 
important. The baseline models are then trained on semantic 
data set, where the feature vectors tell if a person has or does 
not have a specific chronic disease [6]. These models can predict 
disease onset based on distinctive features and relations within 
the data set which may not be discernible by conventional 
statistical analytical techniques. 
Perhaps the greatest benefit of using deep learning for early 
detection is the fact that it can find patterns even in more 
concealed and intricate. For example, a deep learning model 
might learn that a combination of certain levels of laboratory 
values, medications, and demographical factors that are all 
within medicos’ normal ranges, but together with each other 
enhance the probability of developing diabetes [7]. Given 
capability can result in timely and accurate diagnosis of the 
diseases which the healthcare providers can then prevent or 
treat. 
The problem of interpreting a model is crucial, as it is impossible 
to trust and apply its decision-making process without 
understanding it for healthcare providers. Ongoing efforts to 
improve the interpretability of the models like the use of 
attention maps and other explainable artificial intelligence 
technique are in progress to solve this problem. Thirdly, there 
are issues of patient data, data privacy, and the problem of 
algorithmic bias that must not allow denying people equal and 
trustful healthcare services [8]. 
In deep learning models attached to EHRs are considered a 
promising area regarding detection of chronic diseases at an 
early stage. With help of deep learning able to integrate the 
features of proactive and individual approach in health care, 
which in its turn will benefit the outcome and the effective 
usage of the resources [9]. The subsequent sections will be more 
centred on discovering the different applications of deep 
learning models to detect chronic diseases, the potential issues 
and development along with it involved in this fast-growing field. 
LITERATURE REVIEW 
Diabetes, cardiovascular diseases, cancer, chronic respiratory 
and other diseases are the main causes of deaths globally. Many 
of these diseases can only be cured if they are diagnosed early 
and therefore screening is important. Monitoring data stored in 
Electronic Health Records (EHRs) is an excellent opportunity to 
diagnose patients at an early stage [10]. Traditionally, the 
processing of EHRs was carried out with rule-based models; 
however, with the development of methods for processing large 
quantities of data and the ability to depict complicated 
patterns, deep learning techniques have become widely used in 
recent years. This paper reviews diverse techniques in deep 
learning for the analysis of EHRs in the early diagnosis of chronic 
diseases. 
CNNs, initially developed for image processing applications, have 
been employed for EHR data to analyse time series, and medical 
imagery data [11]. Their study has proved the effectiveness of 
CNNs in predicting the development of chronic diseases based on 
structure EHR data, and these predict compared favourably with 
traditional machine learning algorithms. 
RNNs and LSTMs are particularly appropriate for recurrent data 
which will be beneficial for further analysis on the longitudinal 
EHR data. Other works such as that by revealed that detailed 
temporal models such as LSTMs provide better understanding of 

patient–associated temporal patterns, thus enabling better 
prognosis of the disease advancement [12]. 
Currently, autoencoders are applied to perform the unsupervised 
learning and feature extraction from high-dimensional EHR data. 
They assist in cases of dimensionality reduction though keeping 
important features that are useful in disease prognosis. It 
applied deep autoencoders to forecast the development of 
multiple chronic diseases to show that autoencoders can work 
with EHR data comprising heterogeneity [13]. 
For the past years, DBNs a generative deep learning model can 
be used to pre-train deep network and enhance the performance 
of EHRs on supervised learning tasks. In a study by it was 
observed that the usage of DBNs could improve on the 
performance of the models used in chronic disease diagnosis 
[14]. 
In recent years, transformer models, including BERT, have been 
applied to EHR analysis due to their capability to pay attention 
to specific parts of the data. It used transformers to predict 
patient outcomes from EHRs and showcased how the model can 
take care of long-range dependencies and different forms of 
data [15]. 
The four deep learning approaches can harness benefits and face 
limitations when building on EHR data. CNNs are most suitable to 
the imaging data but may need modification for tabular EHR 
data. RNN and LSTMs have been the choice for modelling 
temporal relations, but these models are computationally 
expensive. of autoencoders is reliable feature extraction but 
often a need for more retraining [16]. As it has been, DBNs form 
the preliminary basis of constructing deep networks but may not 
efficiently work out with large databases. Attention-based 
methods and transformers have been shown to achieve high 
accuracy when dealing with intricate EHR databases, although at 
high computational costs and data training. 
For example, few studies have been conducted on the clinical 
application of deep learning in the analysis of EHR data, 
although deep learning has shown great potential in the analysis 
of EHR data. Some of the barriers include Data privacy and 
security laws which pale large scale EHR datasets. Moreover, 
there are issues related to the nature of EHR data are 
characterized by great variability and can be presented in 
various formats while containing certain number of missing 
values [17]. An important direction for further studies is the 
creation of data integration techniques and selection of the most 
suitable methods of data analysis, as well as dealing with 
problems of ethical usage of the patient’s information. Some of 
these limitations could be overcome by recent work like 
federated learning and those privacy-preserving approaches 
which can allow deep learning for better chronic disease 
detection. 
The analysis of EHR data by deep learning techniques was found 
to have great potential in the early detection of chronic 
diseases. Using CNNs, RNNs, LSTMs, Autoencoders, DBNs and 
transformers have found to increase accuracy as well as 
efficiency in the accuracy of disease prediction [18]. Further 
development in this field could result to early diagnosis and 
improved patient values and a decreased impact of chronic 
illnesses on health facilities globally. 
METHODOLOGY 
The first process of applying deep learning techniques for early 
diagnosis of chronic diseases considering EHR’s is the data 
acquisition and preprocessing. EHRs are collected from different 
health care facility and thus we have diverse dataset [19]. Data 
collection refers usually to patient information such as age, 
gender, clinical history, identification, laboratory results, and 
imaging data and treatment history. For the patient data to be 
safe and secure from unauthorized access, identification of 
patients’ information is based on the HIPAA. 
Data preparation processes include data cleansing, scaling and 
transformation. Data cleaning includes handling of missing 
values, ensure correct values are obtained though data recording 
and eradicating of duplicates. Normalization makes sure that the 
data is scaled correctly, a important factor when it comes to the 
features like a lab test results in the training of the model. Some 
pre-processing steps for the dataset include One Hot Encode for 
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Categorial Data and Standardization of Numerical Data that is 
needed to feed data to deep learning models [20]. 
Feature engineering can be decomposed as an important activity 
for increasing the effectiveness of the deep learning models. 
This entails identifying the right features most relevant with 
chronic diseases perhaps from a set of biomarkers or patterns in 
medical history. Such methodologies include the so-called 
feature selection, dimensionality reduction and synthetic feature 
creation. For example, Principal Component Analysis (PCA) may 
be used to perform dimensionality of the dataset reduction while 
preserving important features, which enhance model efficiency 
as well as performance [21]. 
Several deep learning works are discussed to determine that 
which model is more effective for early diagnosis of chronic 
diseases. Among these, Convolutional neural networks CNNe for 
images data, Recurrent neural networks RNNs and Long Short-
Term Memory LSTM for patient history and fully connected deep 
neural networks DNNs for overall EHR data. 
The selected models are trained on a training dataset with an 
empirical study carried aiming at selecting the right 
hyperparameters [22]. Auto Tuning or hyperparameter 
optimization methods are used to find out the most suitable 
learning rate, the number of epochs, the batch size, number of 
layers and so on. Some techniques used to avoid overfitting are 
dropout, early stopping and regularization. 
The training looks at a division of the independent data into the 
training, validation, and test set. For verifying the model’s non-
specificity cross-validation is employed [23]. Further, tricks such 
as data augmentation are used to increase the variation of 
training data, especially the number of samples belonging to 
underrepresented classes, thus improving the model capacity to 
diagnose rare chronic illnesses. 

All the models’ performance is assessed to guarantee reliability 
and soundness, and this is done based on various test measures. 
They include Accuracy: the ratio of number of true outcomes to 
the total number of outcomes; Precision: the ratio of true 
positive to the total number of positive results; Recall: the ratio 
of true positive to the total true results; F1 score: the two prior 
parameters in one formula; AUC-ROC: the area under the curve 
of the graph of sensitivity against the false positive rate. It is 
worth emphasizing that the optimization of the specified 
measures used in the early diagnosis of chronic diseases requires 
the maximum preservation of precision and recall, as is the case 
in oncology. 
After the model is obtained to a certain level of competence, it 
is implemented in a clinical environment. The model is then 
continuously revalidated to check whether the model is still 
suited at a subsequent time with other data sets [24]. There is 
an interaction with healthcare providers to learn how to improve 
the model based on experience and knowledge from healthcare 
profession, which enhances the accuracy of the model. 
In summary, the identified methodology composes the complex 
strategy for adopting the deep learning techniques to the early 
diagnosis of chronic diseases based on EHRs. While dealing with 
data preprocessing, feature engineering, model selection, 
training, optimization and deployment it targets at optimizing 
early diagnostic techniques to enhance the patient’s 
survivability. There are 3 tables analysis the whole data such as, 
table 1 accuracy, recall and training time Across Models, table 2 
precision for different chronic diseases & F1-Score for chronic 
Diseases, and table 3 accuracy over time (Epochs), loss reduction 
over epochs & recall over also flowchart representation of 
methodology in figure 1. 

 
Fig. 1 Flowchart representation of methodology 
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Table 1 Accuracy, recall and training time Across Models 

Model Accuracy (%) Recall (%) 
Training Time 

(Minutes) 

CNN 92 91 120 

RNN (LSTM) 89 88 150 

Transformer 95 93 130 

Logistic Regression 83 80 30 

SVM 85 82 45 

 
Table 2 Precision for Different Chronic Diseases & F1-Score for Chronic Diseases Detection 

Disease 
CNN 

Precision 
(%) 

RNN 
Precision 

(%) 

Transformer 
Precision (%) 

CNN F1-Score RNN F1-Score 
Transformer F1-

Score 

Diabetes 90 88 91 0.91 0.89 0.92 

Hypertension 85 83 87 0.88 0.85 0.89 

Cardiovascular 88 85 89 0.89 0.86 0.9 

 
Table 3 Accuracy Over Time (Epochs), Loss Reduction Over Epochs & Recall Over Epochs 

Epochs 
CNN 

Accuracy (%) 
RNN 

Accuracy (%) 
CNN 
Loss 

RNN 
Loss 

Transformer Loss 
CNN 

Recall 
(%) 

RNN 
Recall 

(%) 

Transformer 
Recall (%) 

10 70 65 0.4 0.5 0.35 70 68 72 

20 80 78 0.3 0.4 0.28 78 75 80 

30 85 83 0.2 0.3 0.22 85 82 88 

40 90 88 0.15 0.25 0.18 90 87 92 

50 92 89 0.1 0.2 0.15 91 88 93 

 
RESULTS AND DISCUSSION 
Several deep learning models including CNNs, RNNs, and 
Transformers were tested in the early diagnosis of chronic 
diseases. Some relevant measures of interest and are typical of 
binary classification are accuracy, precision, recall or sensitivity, 
F1-measure, as well as the area under the Receiver Operating 
Characteristic curve (AUC-ROC) [25]. 
CNs appeared to perform better in chronic diseases detection 
with the data structured in an image-like manner. 
Such temporal patterns in health records were well addressed by 
RNNs, especially the LSTM networks. Transformer models 
attained high accuracy and speed because they embrace the 
long-distance and attention concepts. Large-scale Electronic 
Health Records (EHRs) datasets on demographic, clinical and 
laboratory data were employed in the study. Data 
transformations included feature scaling, data cleaning with 
imputation for missing data as well as feature engineering that 
aimed at increasing the model accuracy. 
These deep learning models got early detection accuracy rates 
of between 85%-95% for the different chronic diseases such as 
diabetes, hypertension, cardiovascular diseases among others. 
The models developed turned out to find out early 
characteristics of chronic diseases which are more useful in early 
stages and timely action. 
Currently the compared deep learning models to classical 
machine learning techniques such as Logistic Regression, Support 
Vector Machines and others. The models which incorporate deep 
learning when tested were found to be superior to conventional 

ones in cases with large-dimensional observations and ability to 
learn about the intricate features. 
Among the issues one of the most significant ones is the fact that 
deep learning models are often known as black boxes. In 
pointing out limitations of the current approaches, the study 
underscores the need for model interpretability by clinicians. 
Explainability approaches such as SHAP (SHapley Additive 
exPlanations), and LIME ((Local Interpretable Model-agnostic 
Explanations) were discussed as ways of explaining the decisions 
made by the model. 
To achieve this goal, the CDSS is a key component for integration 
with the existing Web 2.0 applications for practical application. 
The study addresses the questions how predictions are made and 
integrated into practice and how the results are timely. This 
establishes the need to come up with friendly interfaces that 
will allow clinicians to interface with model outputs. 
The discussion raises an ethical question with regards to patient 
confidentiality and their information. Whenever personal health 
data is involved, it is legal to work within compliance to legal 
frameworks such as HIPAA. Solutions to over section threats are 
discussed to ensure privacy protection of the participants and 
their data. 
The transportability of the models to other populations and 
health-care systems is a concern. In an attempt at putting 
forward a general set of guidelines, the study also notes that 
training models on a variety of datasets, might enhance 
robustness. Some of the limitations resulting from scalability are 
addressed – for example, computation or the need for fast 
algorithms to handle large amounts of EHRs in real-time. 
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The study outlines directions for future studies, such as analysis 
of more heterogeneous data, for instance, extended by imaging 
data or genomic data for more extensive disease modelling. 
Federated learning is presented as a future research direction 
how different institutions’ data could be used while preserving 
privacy. In total, the present work illustrates the application of 

deep learning techniques for improving the early detection of 
chronic diseases through EHRs in terms of predictive accuracy 
with reference to important challenges and considerations for 
clinical implementation. The fig 1 and 2 are given clearly all 
details in caption. 

 

 
Fig 2 Model Accuracy Comparison: A bar chart showing accuracy 
across CNN, RNN, Transformers, Logistic Regression, and SVM. 
Precision by Disease: A grouped bar chart showing precision for 
Diabetes, Hypertension, and cardiovascular disease. Recall 
Rates: A bar chart depicting recall rates for each model type. 

F1-Score for Diseases: Grouped bars for each disease with F1-
scores from different models. Training Time: Bar chart 
comparing the training time for each model. Dataset Size vs 
Performance: A bar chart showing how model accuracy varies 
with different dataset sizes. 
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Fig 3 Accuracy Over Epochs: Line chart showing the trend of 
accuracy improvement over training epochs for CNN, RNN, and 
Transformers. Loss Reduction: Line chart depicting the reduction 
in loss for each model across epochs. Precision Over Data Sizes: 
Line chart showing precision variation with different dataset 

sizes.  Recall Over Epochs: Line chart illustrating how recall 
changes with epochs for each model. F1-Score Trends: Line chart 
showing the F1-score trends over training epochs. Model 
Performance on Features: Line chart showing accuracy trends 
with varying feature sets for different models. 

 
Deep Learning Techniques for Early Detection of Chronic 
Diseases Using Electronic Health Records has been presented to 
analyse how recent methodologies of Deep Learning hold 
tremendous promises for the healthcare sector. The findings 
underscore several key conclusions: 
1. Enhanced Predictive Accuracy: CNNs, RNNs, DB Transformers 
are found to provide better results than traditional machine 
learning techniques for early diagnosis of chronic diseases. AI 

can analyse and learn from huge and complicated datasets thus 
diagnoses can occur early, cases such as diabetes, hypertension, 
and cardiovascular diseases. 
2. Data-Driven Insights: Implemented in models that would 
analyse EHR data, these patterns might help identify additional 
risk factors that would not be detected by standard diagnostic 
methods. It results in proper managing of health and the 
possibility for better results from clients’ health since it is easier 
to treat the cause rather the symptoms. 

CONCLUSION 
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3. Challenges in Implementation: As such there are important 
limitations to note like interpretability of what the model is 
telling us, how it can be incorporated within the clinical setting, 
and how data is protected and secured. Two areas that need to 
be addressed to begin seeing these technologies in practical 
environments are posed as follows: 
4. Prospects: The present research proposes future investigations 
regarding increasing model interpretability, finding ways of 
implementing deep learning models in a clinical setting, and 
identifying how to address the challenges of data sharing by 
using federated learning. There is also indicated the possibility 
of enhancing diagnostic accuracy based on multimodal data 
sources. 
Thus, deep learning techniques hold a key opportunity of 
changing preventive medicine and applying the early detection 
of chronic diseases based on EHR data. Their effectiveness 
presupposes further progress in the model creation, moral issues 
recognition, and implementing solutions. 
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