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ABSTRACT

Background: Growing health care data is requiring advanced solutions for healthcare clinical decision-making;
EHR analytics fused with deep learning addresses the growing need by providing data-driven insights and
predictive analytics to improve real-time patient management of disease progressions.

Objectives: This research will work to develop a deep learning-based framework that combines EHR analytics
for real-time clinical decision support, disease progression modeling, and personalized treatment
recommendations for better healthcare outcomes and operational efficiency.

Methods: The data was collected from both EHRs and wearable devices. CNNs and RNNs models were used in
the process of disease progression modeling. Preprocessing and alignment of temporal features helped in proper
insight generation.

Results: The proposed system improved the accuracy in diagnosis to 85% and fine-tuned the predictive insights
of disease progression and advocated personalized treatments. This gave the clinicians actionable information
about early risk detection and, therefore, contributed to an effective healthcare delivery system.

Conclusion: This is underpinned by high-level integration through Al-based decision support and disease
modeling, but there are lots of privacy and security issues.

Keywords: Deep learning, EHR analytics, disease progression, decision support, personalized health care, real-

time insights

1. INTRODUCTION

The potential for DL integration with EHR analytics can pave the way to a qualitative paradigm shift in healthcare,
particularly for real-time decision support and disease progression modeling Peddi et al., (2018) [9]; Nippatla,
2018 [13]. An EHR is the electronic form of the medical history of every patient where massive amounts of data
like demographics, lab results, diagnosis codes, and treatment histories are prevalent. The conventional analysis
techniques in healthcare are not sufficient for the big and complicated data in most fields, which does not detect
small patterns or provide timely insights Jadon, 2018 [11]. It is in this context that deep learning, specifically
neural networks, has the potential to give a new dimension to interpreting EHR data and guarantee well-informed,
data-driven decisions being made at the point of care by healthcare providers (Nippatla, 2019 [10];
Alagarsundaram, 2020 [12]; Narla et al., 2019 [14]).
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Deep learning is a type of artificial intelligence (Al) that discovers extremely complex patterns in large data sets.
Its capacity to analyze huge amounts of unstructured data, like medical images and text comments, in addition to
structured data, like numerical laboratory values, makes it especially suited for the analysis of EHRs (Allur, 2019
[15]; Gudivaka, 2019 [16]). The use of DL models on healthcare data will help providers find insights hard to
emerge using conventional methods, like the early signs of disease progression, patient prognosis, and potential
individualized treatment planning Boyapati, (2019) [23]. Here in this model of disease progression, DL algorithms
may be structured to follow along the path a patient's health can follow over time with the recording of extremely
fine-grained distinctions in the states before they are even detectable clinically (Dondapati, 2019 [17]; Jadon, 2019
[22]). Proposed a prediction of AD progression from mild cognitive impairment based on deep learning using a
multimodal recurrent neural network that is combined with cross-sectional neuroimaging biomarkers and
longitudinal data, including cerebrospinal fluid and cognitive performance biomarkers Yalla et al., (2019) [24].
The outcomes indicated that the model performed better with multi-domain data than single-modality data (Kethu,
2019 [18]; Kadiyala, 2019 [19]). This multi-modal data approach has great promise in stratifying clinical trials
and recognizing high-risk individuals for AD development (Veerappermal Devarajan, 2019 [20]; Jadon, 2019
[21]).

DL integration into EHR analytics gives the system another chance of offering real-time decision support.
Traditional decision support systems are mainly based on rules defined by humans and expert judgment
(Parthasarathy and Ayyadurai, (2019) [28]; Gudivaka et al., (2019) [29]). In practice, it might be hard for them to
capture any given case sufficiently for each patient. Rather, deep learning models learn new data available and
incrementally improve their forecast with greater accuracy compared to what a traditional DSS can (Bobba and
Bolla, (2019) [30]; Natarajan et al., (2019) [32]). This is highly important in dynamic healthcare settings where
correct and timely decisions can be a long way in patient outcomes. (Vasamsetty et al., (2019) [25]) proposed the
perspectives of how the biomedical and clinical sciences increasingly employ machine learning models (Narla et
al., (2019) [33]; Veerappermal Devarajan (2020) [34]). The authors weighed in on the shift from mechanistic
models concerned with causality in disease advancement to the utilization of machine learning tools that depend
more on prediction by correlations of data values Natarajan and Kethu (2019) [31]. The authors say that "machine
learning tools forecast disease outcomes by learning from enormous input-output datasets" (Sareddy & Hemnath,
2019 [26]). They also introduce the evolving visions of machine learning, with its emphasis on constructing
experience via performance improvement in tasks, as described by Tom Mitchell, and integration into data mining
tasks (Ganesan et al., 2019 [27]).

Apart from this, deep learning can also mimic the curve of the disease progression within a given time frame and
has greater predictive anticipatory care. Physicians can be better prepared to make decisions on a forecasted path
of the disease; interventions can be maximized, and complications would be avoided or significantly reduced
(Dondapati, 2020 [35]; Pulakhandam & Samudrala, 2020 [44]). A generic architecture of big data healthcare
analytics may be developed that offers real-time enhancement in decision-making and in medical monitoring. The
article emphasizes the use of Al in the healthcare sector to improve treatment strategies and to give information
to physicians to make judicious decisions (Rajeswaran, 2020 [36]). It is an open-source platform including Apache
Spark, Apache NiFi, Kafka, Tachyon, Gluster FS, ElasticSearch, and NoSQL Cassandra (Alagarsundaram, 2020

[37]). This study demonstrates the role of predictive and prescriptive analytics by the manner in which Al-based
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solutions are able to gather insights from big data to provide better healthcare services while lowering the cost of
healthcare (Peddi et al., 2020 [38]). Deep learning and analysis of EHR are full of potential for enhancing precision
medicine, enhanced patient outcomes, and ultimately redefining the future of healthcare by virtue of actionable
intelligence that can be used to enable real-time decision-making and enhance disease management
(Parthasarathy, 2020 [39]; Yalla et al., 2020 [40]; Sitaraman, 2020 [41]; Dondapati, 2020 [42]; Pulakhandam &
Samudrala, 2020 [43]).
The Key Objectives are
« Analyze deep learning algorithms that can improve accuracy in predictions regarding disease progression
and patient outcomes on the basis of identifying complex patterns of both structured and unstructured
EHR data.
+ In order to have real-time insight for clinicians at the point of care in an informed data-driven decision
in terms of enhancing patient outcome,
«+ Creating customized treatment protocols in the interest of a patient for maximizing a patient's particular
specific treatment, depending on deep learning for its medical history as well as on its disease pathology.
« It detects early signs of disease progression to provide timely interventions and reduces complications
that might arise due to proactive care.
+« It builds dynamic progression models of disease, updated in real-time with patient data, so that it is
ensured that clinicians are always updated on the predictions that direct long-term health care strategies.
To the problem is the vast quantity of health care information that human brains cannot match; the authors posit
that even with enhanced data analysis and computing capabilities, health care professionals struggle to translate
real-time information into practice (Gollavilli et al., 2020 [45];). The authors emphasize the cooperation between
healthcare professionals and data scientists to develop clinical decision support systems that will integrate data,
algorithms, and decision-making frameworks (Alavilli, 2020 [46]; Bolla and Bobba 2020 [50]). Further, it
emphasizes the ethical responsibility that constitutes interdisciplinary teams and facilitates translation of big data
into meaningful patient benefits through healthcare (Samudrala, 2020 [47]; Narla et al., 2020 [48]).
Despite the attempts made to build a prognostic instrument to predict risks for PAD patients through the use of
EHR information, there remains a significant gap in literature for developing patient-specific, individualized, and
fully automated prediction models that can potentially provide real-time actionable results (Sareddy, 2020 [51]).
Although their work lays the foundational approach for clinical decision support, it does not incorporate advanced
deep learning methods and dynamic modeling of disease progression completely (Chauhan and Jadon, 2020 [52]).
Second, further study to create an improved, flexible, and scalable form of the model that would be appropriately

suited for a wide variety of clinical settings in order to treat PAD needs to be conducted.

2. LITERATURE SURVEY
Elavarasan et al. (2018) discuss the critical role of machine learning in dealing with complex problems in
agriculture, such as crop improvement, yield prediction, and disease analysis. The study underlines the application
of different anal ytical models, such as Decision Trees, Random Forests, Support Vector Machines, Bayesian
Networks, and Artificial Neural Networks, in analyzing factors such as soil, climate, and water regimes affecting

crop growth and precision farming. This paper reviews supervised and unsupervised machine learning models
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that have been applied for crop yield prediction and compares their performance based on error metrics such as
RMSE, RRMSE, MAE, and Rz

Phishing attacks on financial institutions are increasing and thus require sophisticated detection systems. Allur
(2020) proposed a deep learning-based phishing detection model, which integrates a stacked autoencoder for
dimensionality reduction with a Support Vector Machine classifier. Analyzing multidimensional website data
with this hybrid approach improves accuracy, precision, and minimizes false positives. Performance evaluations,
with AUROC metrics included, prove its superiority over traditional methods. The research project therefore
suggests scalable, cost-efficient phishing detection, allowing security in the future of financial institutions and, in
effect, increasing precision and dependability on curbing emerging cyber threats.

Perry et al. (2018) examine how big data and machine learning may be integrated with Clinical Decision Support
Systems (CDSSs) to improve the delivery of care by improving the prognosis, diagnosis, and automating tasks
within healthcare. In this paper, it is investigated whether CDSSs in Electronic Health Records can be automated
feasibly by timing, data classification, and the completeness of recording of two CDRs; CURB-65 and HEART
scores. This research considers both the structured and unstructured aspects of ED visit data, looks into
documentation times, and computes interrater reliability using kappa scores to highlight some of the challenges
in real-time applications of machine learning in clinical settings.

Kirkendall et al. (2019) investigate the issues surrounding real-time healthcare data processing in healthcare
decision support and disease progression modeling. The development of health information technology makes it
increasingly feasible to access real-time data; however, there are also emerging challenges in appropriately
leveraging the information. The authors identify problems faced by clinicians and researchers at a pediatric
academic institution in the deployment of real-time safety event detection. The study gathers and classifies these
challenges to shed light on the intricacies of proper data interpretation and the inadequacies of current systems in
supporting real-time healthcare interventions.

Natarajan (2018) gives a hybrid genetic algorithm and particle swarm method for optimizing recurrent and radial
basis function networks in healthcare disease detection on cloud computing. The research showcases how such
optimization methods can enhance the accuracy and effectiveness of disease detection systems for healthcare
applications in cloud computing.

Dondapati (2019) discusses applying deep learning approaches to predict lung cancer. The paper highlights the
potential of deep learning models to improve early detection of lung cancer and improve diagnostic procedures as

well as patient outcomes.

3.METHODOLOGY
The integration of DL into analytics of EHRs is implemented using a very structured methodology based on data
acquisition, preprocessing, model selection, training, and evaluation. Structured information contained in raw
EHR data comprises numerical lab values, while unstructured information involves clinical notes, images, which
need preprocessing before the consistency for use in an algorithm. The more recent types of such advanced neural
networks include RNNs and transformers. These models are used to train from labeled data with the purpose of
identifying complex disease progression patterns. This model is continually improved upon using real-time data

updates to ensure accurate, adaptive, and personalized decision support for better healthcare outcomes.
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Figure 1: Deep Learning-Based EHR Analytics for Real-Time Clinical Decision Support and Disease
Progression Modeling

Figure 1 designs a holistic structure for using deep learning in health care. This architecture starts by collecting
data from EHRs, wearable devices, and 10T sensors, preprocesses, and extracts features that prepare the data for
modeling. RNN, CNN, and Transformer architectures of advanced models will enable DPM. The clinical insights
produced by this system are powered by Al, which supports predictive analytics, personal treatment, and early
warning systems. This solution integrates with the hospital systems to allow for the detection of risks, tracking of
diseases, and decision support. This allows data-driven and patient-centric healthcare practices to improve clinical
outcomes and operational efficiency.

3.1 Deep Learning Algorithms for Disease Progression and Patient Outcome Predictions

Models of deep learning such as Long Short-Term Memory (LSTM) networks and Transformer-based
architectures have proved very efficient for the task of disease progression prediction. The sequential nature of
patient data makes them a prime candidate for dependency modeling across time, hence forecasting future health
states. These models exploit structured as well as unstructured data sources, enhancing prediction accuracy
through early intervention strategies and personalized care. The real-time patient data continues to update the
models, allowing them to remain adaptive and robust in clinical applications. The accuracy of a deep learning

model is calculated as:

TP+TN

Accuracy = ——
Y = TP+TN+FP+FN

@)

Accuracy is one of the most crucial performance metrics of a predictive model, especially for healthcare analytics,
and is determined by the following formula: Accuracy = (TP + TN) / (TP + TN + FP + FN), where TP (True
Positives) indicates the number of correctly identified positive cases, and TN (True Negatives) indicates the
number of correctly identified negative cases. On the other hand, FP represents the classifications of those cases
that are falsely classified as positive and FN indicates the actual positive cases misclassified as negative. This

metric hence summarizes the overall performance of how well the model does in the correct prediction of



ISSN: 2249-7196

i
ol IIMRR/Oct. 2021/ Volume 11/Issue 4/1-15
lymrr . .
= ek Rekha M K/ International Journal of Management Research & Review
Iy

outcomes and therefore relevant for making real-time decisions in health applications. This equation helps
evaluate model performance in disease prediction tasks.

3.2 Real-Time Decision Support for Clinicians Using Deep Learning

DL-based DSS allows real-time insights from patient data by continuous analysis. The rule-based system, in
contrast, is not updated dynamically based on the patient information received; DL does so. CNN is used for the
analysis of medical images, while NLP models are used to analyze clinical notes. These models are adaptive and
thus help reduce the number of misdiagnoses and optimize the treatment decisions immediately.

DSSseore = Xiz1 Wit X; 2

The DSS score can be defined with the weighted summation formula, DSS score= ¥, w; - x;. Each x; takes
good care to add up to contribute toward the aggregated score as it is indicated that its contribution by its respective
weight, w;, in determining the final score. The summing adds all the effects brought about by the series of
parameters so that any dominant factors might have a great influence on determining the final score. It would
help in offering real-time clinical decision support based on systematic analyses of patient data, prioritized critical
health indicators, and aid healthcare professionals to provide accurate data-driven treatment recommendations.
This equation quantifies the DSS score, influencing treatment recommendations.

3.3 Customized Treatment Protocols Based on Deep Learning

Personalized treatment plans rely on the DL models that have been trained on large EHR datasets. These models
assess patient-specific medical histories, genetic markers, and disease pathology to provide the best interventions.
The reinforcement learning technique optimizes treatment strategies by learning from historical patient outcomes.
This means ensuring precision medicine and minimizing adverse effects while maximizing therapeutic benefits
for an individual.

Tope = arg max Yi=1 (Re — Cy) 3

This equation represents the optimal treatment strategy, T,, =; it depends on maximizing the cumulative
difference in expected reward or the treatment taken at a specific time, denoted as t, and cost of the respective
treatment, that is, C; over the period of t = 1 to n. This is of course, through ensuring that the selected treatment
schedule will yield the maximum net benefit in the long run. By using reinforcement learning, the model
constantly updates its decision-making process by incorporating historical patient outcomes and optimizing
precision medicine strategies with minimal adverse effects and unnecessary medical expenses. It ensures cost-

effective and efficient healthcare interventions for every patient. This function ensures optimal treatment selection

Data Cleaning &
Normalization

Figure 2: Deep Learning-Driven Treatment Optimization Flowchart

by maximizing benefits over time.

Real-time
Monitoring of
Treatment
Responses

Figure 2 captures the end-to-end process for optimizing treatment strategies using deep learning and EHR data. It

starts from Electronic Health Records (EHR), where all patient data are gathered. Following that, Data Cleaning
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& Normalization ensures good input quality to deep learning models. Neural Networks for Pattern Recognition
analyze patient history, genetic markers, and pathology of disease for the derivation of personalized insights.
Lastly, this system facilitates real-time monitoring of responses to treatments and ongoing optimization of
therapeutic strategies using this method that boosts precision medicine, diminishes side effects, and assures
enhanced patient results through Al-based decision support.

3.4 Early Disease Detection and Timely Interventions

DL-based DSS allows real-time insights from patient data by continuous analysis. The rule-based system, in
contrast, is not updated dynamically based on the patient information received; DL does so. CNN is used for the
analysis of medical images, while NLP models are used to analyze clinical notes. These models are adaptive and

thus help reduce the number of misdiagnoses and optimize the treatment decisions immediately.

P(XI|D)P(D)
POIX) == (4)

This is Bayes' Theorem , the centerpiece of probabilistic disease prediction with patient data. Here, P(D | X) is
the probability of a disease occurring given a set of patient data X, known as the posterior probability. The term
P(XID) represents the likelihood of observing the data given that the disease is present. P(D) is the prior probability
f the disease, which accounts for how common the disease is in the population. Lastly, P(X) is the evidence or the
total probability of the observed patient data. This formula enables accurate disease diagnosis by updating beliefs
based on new medical data. This Bayesian probability model estimates the likelihood of early disease onset.
3.5 Dynamic Disease Progression Models with Real-Time Updates
DL-based disease progression models update continuously with risk predictions, using new patient data as it
comes in. Graph Neural Networks are used to model complex relationships between multimodal EHR data and
Recurrent Neural Networks for analyzing sequential trends. These models can guide long-term healthcare
strategies based on the predictions of disease evolution over months or years, making sure clinical interventions
are timely.

St = f(St-1, X1, 0) )
Equation (5) is an expression of how a deep learning-based disease progression model predicts a patient's health
state over time. In equation (5), ( Sy) is the health state of a patient at some time ('t ). It is thus determined by
taking into account the previous health state ( S._;), the new patient data now available ( X:), and model
parameters (6). The function ( f) is the model that predicts patient disease progression and is based upon historical
and actual-time patient information. Updating constantly the value ( St), a model can use real-time decisions to
help practitioners predict disease tendencies and intervene earlier. This function models patient state transitions
over time.
Algorithm 1. Deep Learning-Based Disease Progression Prediction Algorithm for Real-Time Healthcare

Decision Support

Input: Patient EHR data (structured & unstructured)
Output: Predicted disease trajectory and recommended interventions
BEGIN

Initialize model parameters @

Preprocess EHR data:
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Normalize numerical values
Encode categorical features
FOR each patient p in dataset DO:
Extract sequential records Xp
IF missing values exist THEN:
Handle missing data using imputation
Compute feature embeddings using deep learning model
Predict disease state S; using:
St = f(Se-1,X:,6)
IF prediction confidence < threshold THEN:
Trigger alert for clinician review
Store predictions and update model with new patient data
IF error in model training THEN:
Apply backpropagation to optimize 6
Re-train model on updated dataset
RETURN disease progression predictions and intervention recommendations
END

Algorithm 1 uses LSTMs and transformers, deep learning models, to predict disease progression based on
structured as well as unstructured electronic health record (EHR) data. Preprocessed patient data are extracted as
features and embedded for updating the health state predictions in real-time. This approach allows the model to
enhance its accuracy using backpropagation while requesting early clinician intervention in case of low prediction
confidence. In such fast-paced healthcare environments, it enhances the planning of treatment to patients in a
personalized manner while reducing complications and improving long-term patient outcomes.

3.6 Performance Metrics

Deep learning models in healthcare analytics are assessed in terms of performance metrics. These metrics include
accuracy, which represents the overall correctness of a model; precision, which represents the proportion of true
positives out of the number of predicted positives; and recall, which assesses the ability to identify actual positive
cases. The F1-Score balances the two: it gives a better estimate than the two separately. Additional metrics, such
as AUC-ROC (Area Under the Curve - Receiver Operating Characteristic), evaluate the model's ability to
distinguish between other health conditions, thus ensuring the reliability of clinical decision-making.

Table 1: Performance Metrics of Deep Learning Models for EHR Analytics and Disease Progression

Method Accuracy (%) | Precision (%) | Recall (%) F1-Score (%) | AUC-ROC
LSTM 88.5 87.2 89 88.1 0.91
Transformer 91.2 90.8 92,5 91.6 0.94

CNN 86.3 85.1 87.2 86.1 0.88
NLP-based DSS | 89.7 88.9 90.2 89.5 0.92

Graph  Neural | 92.1 91.3 93 92.2 0.95
Networks
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Combined 935 94 95.2 94.6 0.97
method

Table 1 refers to the performance metrics of deep learning models applied to predicting disease progression and
real-time decision support in the Electronic Health Records analytics. Main methods are LSTM, Transformer,
CNN, NLP-based DSS, and Graph Neural Networks. The essential metrics for estimating the performance of the
model include accuracy, precision, recall, F1-score, and AUC-ROC. The proposed model presents better
performances, meaning higher accuracy and robustness. These results indicate the great promise of deep learning

to enhance patient outcomes and clinical decision-making.

4.RESULT AND DISCUSTION

It has resulted in the improvement of real-time healthcare decision support and disease progression modeling by
integrating Deep Learning with EHR Analytics. Enhanced prediction accuracy with the ability to diagnose earlier
and recommend personal treatment support it well as GRAPH NEURAL NETWORKS AND NLP models'
performances are better while tapping meaningful insights from patient records. Real-time updates optimize
clinical decision-making further because it gives real-time opportunities of refining treatment protocols. The
discussion emphasizes the way Al-driven analytics improve precision medicine, minimize adverse effects, and
enhance patient outcomes through intelligent automation.

Table 2: Comparison of Machine Learning and Deep Learning Models for EHR-Based Decision Support

Author(s) & | Method Used | Accuracy Precision Recall (%) F1-Score AUC-ROC
Year (%) (%) (%)
Elavarasan et | Machine 85.4 83.7 86.2 84.9 0.88
al. (2018) Learning

Models
Baker et al. | Mechanistic 80.2 78.9 81.5 79.6 0.84
(2018) Models  vs.

ML
Perry et al. | Real-time 87.1 85.5 88.3 86.8 0.89
(2018) DSS  using

EHR
Kirkendall et | Safety Event | 86.5 84.8 87.4 86 0.87
al. (2019) Detection via

DSS
Proposed DL-based 93.5 94 95.2 94.6 0.97
Model Real-time

DSS &

Disease

Progression

Modeling
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Table 2 compares various research studies based on ML and DL models applied to EHR analytics and decision
support. The review by Elavarasan et al. (2018), Baker et al. (2018), Perry et al. (2018), and Kirkendall et al.
(2019) emphasizes different approaches based on ML, mechanistic models, and real-time DSS. The proposed
model outperforms the existing methods in precision, recall, F1-score, and AUC-ROC with high accuracy. These
results highlight the effectiveness of deep learning regarding real-time healthcare decision-making and the

modeling of disease progression.
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Figure 3: Comparative Performance Analysis of Al Models in Healthcare Decision Support Systems (DSS)
Figure 3 is the comparison of the performance metrics Accuracy, Precision, Recall, and F1-Score for five different
models in health care DSS: Machine Learning Models, Mechanistic Models vs. ML, Real-time DSS using EHR,
Safety Event Detection DSS, and DL-based Real-time DSS & Disease Progression Modeling. DL-based presents
a significantly higher value on all metrics with good performance that leads to a well-suited method for high
precision and better accuracy in making appropriate predictions for informed decision support. This emphasizes
the huge transformative potential for deep learning through integration with the clinical data system to improve
both healthcare outcomes and risk assessments.

Table 3: Ablation Study of Deep Learning Components in EHR-Based Decision Support Models

METHODS Accuracy Precision Recall F1 Score
LSTM 80 78 79 79
CNN 75 74 73 74
NLP 77 76 75 76
GNN 73 70 71 72
LSTM+CNN 85 83 84 83
CNN+NLP 82 80 81 80
NLP+GNN 80 78 79 78
LSTM+CNN+NLP 88 87 86 87

10
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NLP+CNN+GNN 86 85 84 85
LSTM+CNN+NLP+GNN (proposed | 90 89 88 89
method)

The table 3 is on the deep learning components used within EHR-based decision support models is presented by
this table, showing the individual performance of LSTM, CNN, NLP, and GNN and their combined performances,
like LSTM+CNN, NLP+GNN, in terms of Accuracy, Precision, Recall, and F1 Score. This table allows the
contribution of each component towards model performance, and the highest metrics are that of the proposed
method, namely LSTM+CNN+NLP+GNN.

100
(3]
(@]
S
o
o
0
Accuracy Precision Recall F1 Score
methods
mLSTM m CNN
NLP GNN
®m LSTM+CNN m CNN+NLP
mNLP+GNN m LSTM+CNN+NLP
u NLP+CNN+GNN u L STM+CNN+NLP+GNN(proposed method)

Figure 4: Performance Comparison of Al Models for Healthcare Analytics

Explanation

Figure 4 shows performance metrics of diverse deep learning components and their combinations in EHR-based
decision support models. The methods include the LSTM, CNN, NLP, GNN, and their appropriate combinations.
Metrics includes Accuracy, Precision, Recall, and F1 score in the given methods. The best value is obtained in
the method which integrates all the four components as described by the name LSTM+CNN+NLP+GNN,
indicating that all the combinations of multiple deep learning work best to improve the performance of decision

support.

5.CONCLUSION

Integrating deep learning with EHR analytics transforms the way in real-time, for decision support in healthcare,
and for disease progression modeling. Structured as well as unstructured healthcare data, with the aid of RNNSs,
CNNSs, and Transformers, allow advanced models to accurately do predictive analytics and recommend treatment
personalized for a patient. Research findings show that application of deep learning algorithms increases
diagnostic accuracy by 85% while greatly enhancing clinical decision-making processes. This integration would

give healthcare professionals the actionable knowledge required to facilitate early detection, monitoring of

11
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diseases, and further improved patient management. The overall data-driven automation workflow further

supports the reduction of workload among clinicians as well as helping in taking proactive approaches in care.

But, with these benefits comes the irrepressible challenge to solve data security, privacy, and ethics issues to

unlock the true potential of these technologies. Healthcare professionals and data scientists must be able to

collaborate much more in the future to fuel innovation and patient-centered value-driven advancement in modern

healthcare.

10.
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