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Abstract—Risk prediction tools are becoming increasingly popular tools to assist in making clinical decisions. The models, however, 

are typically trained on data from general patient cohorts and may not be representative of and applicable to targeted patient cohorts 

when used in practice. This study overcame these obstacles by developing and evaluating a clinical risk prediction model using the 

MIMIC-III clinical dataset and an Artificial Neural Network (ANN). The suggested method accounts for all possible preprocessing 

steps—including normalization, encoding, managing missing values, and data balancing using SMOTE-ENN—to increase the 

dependability of the predictions. With an F1-Score (F1) of 96.9%, an accuracy (ACC) of 98.6%), a precision (PRE) of 97%, and a 

recall (REC) of 96.5%, the ANN model has high predictive capacity and can capture the complicated interaction between the clinical 

variables. The outcomes demonstrate that the suggested ANN architecture can accurately and consistently assess clinical risk, which 

in turn allows for the early identification of high-risk patients and aids healthcare providers in making data-informed therapeutic 

decisions. Because it can provide trustworthy prediction models from complex health data, the proposed method has great potential 

for clinical real-time application. It can also help develop smarter healthcare decision-support systems and enhance patient 

monitoring methods. 

Keywords—Clinical Risk Prediction, Artificial Intelligence, Explainable AI, Model Deployment, Clinical Decision Support Systems. 

I. INTRODUCTION 

The enormous amounts of patient data collected by 
healthcare systems come from a variety of sources, including 
electronic health records, laboratory tests, clinical encounters, 
medical imaging, and even wearable devices. These medical 
data offer helpful information on disease progression, high-
risk patients and clinical decision-making [1][2]. Hence, 
clinical risk prediction has become a pivotal element of 
contemporary healthcare, facilitating early detection of 
unfavorable clinical outcomes, including disease progression, 
complication rates, hospital re-admissions, and mortality 
rates. Healthcare data are, however, often heterogeneous, 
incomplete, noisy and imbalanced, which makes accurate and 
reliable clinical risk prediction challenging [3][4]. 

Clinical Risk Prediction Models help clinicians by 
calculating the probability that medical events occur in the 
future from demographic, physiological, laboratory and 
clinical data. Traditional prediction approaches have been 
useful for evidence-based medicine, but they can't handle the 
high dimensionality, nonlinear correlations, missing data, and 
temporal dependencies that are present in real-world clinical 
data [5]. Also, most current prediction models are designed for 
particular diseases or healthcare scenarios, limiting 

adaptability and scalability across various healthcare 
institutions and patient groups [6][7]. 

The advent of digital healthcare has made previously 
inaccessible quantities of clinical data suitable for predictive 
modeling [8][9][10]. While these advancements are 
encouraging, there are still several obstacles that need to be 
overcome. These include issues with data quality, missing 
clinical information, class imbalance, limited generalizability 
across healthcare settings, lack of external validation, and 
openness in clinical decision-making [11]. The restrictions 
underlined the need for building strong and reliable clinical 
risk prediction tools fit to be applied to the day-to-day practice 
of healthcare. 

Clinical risk prediction has been greatly impacted by the 
rise of AI, which allows for smarter analysis of complicated 
healthcare data [12][13]. In the context of large-scale and 
diverse healthcare data, ML approaches can identify internal 
patterns in clinical data to enable accurate and rapid risk 
assessment, while DL can enhance prediction by capturing 
complex data representations. There are still problems with 
clinical integration, interpretability, fairness, and external 
validation, even if these technologies have improved 
prediction performance [14][15]. Therefore, developing 
reliable AI-based clinical risk prediction frameworks is 
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essential for supporting effective healthcare decision-making 
and improving patient outcomes. 

A. Motivation and Contribution 

The main goal of this research is to create a clinical risk 
prediction system that can reliably identify high-risk people 
early on. Large-scale healthcare data, like electronic health 
records and clinical data, also offers opportunities to advance 
predictive analysis, although some obstacles, like data 
heterogenicity, missing values, noise, and class imbalance, 
hinder the ability of existing predictive analysis techniques. 
Therefore, this study aims to utilize Artificial Intelligence-
based methods to analyze complex clinical patterns, enhance 
prediction ACC, and provide a robust decision-support 
solution for improving healthcare outcomes. The study's most 
significant contributions are as follows: 

• Analyzed patient clinical records and found 
significant risk-related patterns for prediction using 
the MIMIC-III clinical dataset, a sizable de-identified 
ICU database. 

• Developed an artificial intelligence-based clinical risk 
prediction framework for identifying high-risk 
patients using healthcare data. 

• Designed a clinical risk prediction model using ANNs 
to accurately assess patients' risks by capturing the 
complicated nonlinear interactions among their 
clinical parameters. 

• Evaluated the proposed clinical risk prediction 
framework using REC, ACC, PRE, and F1, which are 
widely used performance metrics in the industry. 

• Assisted in creating healthcare decision-support 
systems that use artificial intelligence to do 
individualized risk assessments for patients. 

B. Organization of the Paper 

The paper is organized as follows: Section II reviews the 
literature on clinical risk prediction and AI-based methods. 
Section III, goes over the dataset, data pretreatment methods, 
and the steps to build the model. In Section IV, offers the 
experimental findings, assesses the performance, and 
compares them to existing approaches. Section V concludes 
by reviewing the study's key findings and discussing possible 
avenues for further investigation.  

II. LITERATURE REVIEW  

Existing research works on Clinical Risk Prediction were 
analyzed in detail to find out current advancements, 
methodologies, and limitations that shaped the proposed 
framework. Table I summarizes recent studies of Clinical Risk 
Prediction, including the models used, the datasets on which 
they were applied, the findings, and the challenges. 

S. Gupta and S. Ahmed (2026) explained a clinical 
decision support system that uses interpretable ML to risk-
stratify patients with early cardiac disease based on structured 
clinical information. With an ACC of 93.2, PRE of 93, REC 
of 92, F1 of 92, and AUC of 0.96, the experimental results 
show that the XGBoost model has very good performance. 
This confusion matrix has low false-negative rates, according 
to the analysis, which makes it useful for clinical screening 
[16]. 

N. G. Kamdi et al. (2026) provided a methodology for 
early CKD identification and risk assessment utilizing 
extensive clinical data that is based on ML. A collection of 

real-world CKD data was used to train and test a battery of 
prediction models, including LR, SVM, RF, GB, and DNNs. 
With ROC-AUC values surpassing 0.96, ACC levels more 
than 94%, and high PRE and REC, several ensemble models 
performed better, with RF and GB achieving the best results. 
Results from feature significance and SHAP analyzes showed 
that the most important factors in determining CKD are blood 
pressure, hemoglobin, serum creatinine, and urine protein 
levels. These findings provide clear and practical information 
about the factors that put people at risk for CKD [17]. 

A. Kumar et al. (2025) evaluated XGBoost, RF, SVM, and 
LR, four ML algorithms, making use of ROC-AUC, F1, REC, 
ACC, and PRE criteria. With interpretability based on SHAP 
revealing important factors including age, systolic blood 
pressure, blood glucose, and blood pressure, XGBoost got the 
best ACC (90.3%) and AUC (0.937). The paper highlights the 
need for privacy protection and fairness-aware learning in 
clinical decision assistance, and also highlights the promise of 
transparent ML models. The next phase involves real-time 
integration of multimodal data and federated learning [18]. 

A. Raghav et al. (2025) prove that many classification 
methods and computational learning are used for CVD 
prediction. Model training and testing were conducted using 
the heart and blood vessel datasets. The following measures 
were used to assess performance: AUC, F1, REC, ACC, and 
PRE. The ensemble model achieved the best results compared 
to the other models because of its high area under the curve 
(AUC) of 0.87 and ACC level of 80.2%. The findings show 
that better and more reliable tools for assessing the risk of 
cardiovascular disease may be achieved by combining 
multiple learning algorithms. Increased diagnostic ACC and 
prediction reliability are outcomes of this approach [19]. 

F. Shahidi et al. (2024) built an EnH-DL, an ensemble 
hybrid DL model, to outperform existing DL models and 
decrease mistakes on unseen data. Results demonstrated a 
2.5% improvement in AUC and a sensitivity improvement of 
more than 1.5% on average. Unseen data is better represented 
by a more reliable model when the error reduction is more than 
0.22. The model was evaluated on a dataset that was highly 
imbalanced and attained an AUC of 83% and a sensitivity of 
79% for FHE-H, all while mimicking real-world settings with 
a clinical demand window. Overall, when comparing current 
models for various MH outcomes utilizing Admin-HD, EnH-
DL proved to be the superior choice [20]. 

C. Kaur and R. Madaan (2024) gather patient data, purge 
it of unnecessary information to reduce its dimensionality and 
clean it up to standardize its attributes before dividing it into a 
training set and a testing set. Breast cancer recurrence can be 
detected using a variety of diagnostic procedures, including 
physical exams, ultrasounds, blood tests, and mammography. 
To improve breast cancer prediction, the planned study uses 
both the extracted characteristics and the identified risk 
variables. An evaluation and validation of the recommended 
work is conducted using the Breast Cancer Surveillance 
Consortium Dataset. At 75.2% ACC, Random Forest 
produced the greatest outcomes [21]. 

D. Rai et al. (2023) looked into how well ensemble 
learning and conventional ML worked for forecasting cardiac 
problems. Experimentally evaluate these models' performance 
on a broad dataset including clinical, demographic, and 
lifestyle characteristics using a number of performance 
measures such cross-validation mean ACC, REC, PRE, F1, 
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and ROC - AUC Score. At 89.71% REC and 88.69% total 
cross-validation ACC, Gradient Boost is the clear winner. 
Improving the management of cardiovascular disease and 
lowering the mortality rates that are connected with it are the 
overarching goals of this study [22]. 

Existing Work Gap: The use of AI and ensemble ML 
algorithms for clinical risk prediction utilizing varied 
healthcare datasets has been shown beneficial in recent 
research. These methods have led to good disease prediction, 

risk assessment, and clinical decision support, but they are 
limited by being inaccurate and/or difficult to understand. 
They have been used in existing methods to make predictions, 
assess risk, and support clinical decisions with good ACC and 
interpretability. However, challenges related to data 
imbalance, complexity of clinical features, generalization, and 
real-time applicability still remain. Therefore, developing 
robust AI-based clinical risk prediction frameworks is 
essential for improving prediction reliability and supporting 
effective healthcare decision-making. 

TABLE I.  REVIEW SUMMARY OF EXISTING CLINICAL RISK PREDICTION APPROACHES 

Author Proposed Work Dataset Results Limitations & Future Work 

S. Gupta and S. 
Ahmed (2026)  

Developed an interpretable ML-
based clinical decision support 

system for early heart disease 

risk prediction using XGBoost. 

Structured clinical 
heart disease 

dataset 

XGBoost achieved 93.2% 
accuracy, 93% precision, 92% 

recall, 92% F1-score, and AUC 

= 0.96 with a low false-negative 
rate. 

Limited to structured clinical data. 
Future work should incorporate 

multimodal patient data and 

external clinical validation. 

N. G. Kamdi 
et al. (2026)  

Proposed a CKD prediction 

framework using Logistic 

Regression, SVM, Random 
Forest, Gradient Boosting, and 

DNN with SHAP-based 

explainability. 

Real-world 

Chronic Kidney 

Disease (CKD) 
dataset 

Random Forest and Gradient 

Boosting achieved >94% 

accuracy and ROC-AUC >0.96. 
SHAP identified key CKD 

biomarkers. 

Requires validation on larger multi-

center datasets. Future work 

includes real-time clinical 
deployment and integration with 

EHR systems. 

A. Kumar et 
al., (2025) 

Compared Logistic Regression, 

Random Forest, SVM, and 

XGBoost for clinical risk 
prediction with SHAP 

interpretability. 

Clinical healthcare 

dataset 

XGBoost achieved 90.3% 

accuracy and AUC = 0.937. 

Important predictors included 
glucose, BMI, blood pressure, 

and age. 

Limited by centralized data. Future 

work focuses on federated learning, 

fairness-aware AI, and multimodal 
healthcare data integration. 

A. Raghav et 
al., (2025)  

Evaluated multiple ML 

classifiers and ensemble 
learning for cardiovascular 

disease prediction. 

Heart and blood 

vessel datasets 

Ensemble model achieved 

80.2% accuracy and AUC = 
0.87, outperforming individual 

models. 

Moderate predictive performance. 

Future work should investigate 
advanced ensemble and deep 

learning techniques with larger 

datasets. 

Shahidi et al. 

(2024)  

Proposed an Ensemble Hybrid 

Deep Learning (EnH-DL) 

model for mental health 
outcome prediction. 

Admin-HD 

dataset 

Improved AUC by 2.5%, 

sensitivity by >1.5%, and 

reduced prediction error by 
0.22. Achieved 83% AUC and 

79% sensitivity on imbalanced 

data. 

Requires validation across different 

healthcare populations. Future 

work includes improving 
generalization and handling highly 

imbalanced datasets. 

C. Kaur and R. 

Madaan (2024)  

Proposed breast cancer 

recurrence prediction using 

feature extraction and multiple 
ML algorithms. 

Breast Cancer 

Surveillance 

Consortium 
dataset 

Random Forest achieved the 

highest 75.2% accuracy. 

Prediction accuracy remains 

relatively low. Future work should 

explore deep learning models and 
incorporate additional clinical 

biomarkers. 

D. Rai et al 

(2023)  

Compared classical ML and 

ensemble learning techniques 
for heart disease prediction 

using clinical and lifestyle 

attributes. 

Heart disease 

dataset containing 
clinical, 

demographic, and 

lifestyle features 

Gradient Boost achieved 

88.69% cross-validation 
accuracy and 89.71% recall. 

Limited by traditional ML models. 

Future work should investigate 
explainable AI, larger datasets, and 

hybrid deep learning approaches for 

improved prediction performance. 

III. METHODOLOGY  

Data pre-processing procedures, including noise 
reduction, encoding, normalization, and SMOTE-ENN data 
balance, were implemented to guarantee the accuracy of the 
prediction. Data collection from the MIMIC-III clinical 
dataset was the subsequent approach. A training set and a test 
set were created from the processed dataset using stratified 
sampling. With this method, a model of an artificial neural 
network (ANN) may learn intricate clinical patterns capable 
of risk prediction. It is possible to determine the ACC, PRE, 
REC, and F1 by analyzing the confusion matrix, which allows 
one to assess the performance of the suggested ANN model. 
The comprehensive model for clinical risk prediction is 
displayed in Figure 1.A detailed description of the suggested 
structure is given in the next section: 

A. Data Collection and Exploratory Analysis 

The MIMIC-III80 database contains de-identified critical 
care information and complete clinical records for more than 

40,000 ICU patients. Vital signs, medical history, lab results, 
medical records, and discharge summaries are all part of it. 
Age, gender, pulse, respiration rate, blood pressure (both 
systolic and diastolic), oxygen saturation, glucose level, and 
markers from other lab tests are all structured elements that 
are extracted to make sure this study is useful for risk 
assessment and monitoring. To gain a better understanding of 
the dataset's properties, exploratory data analysis made use of 
bar graphs, histograms, and correlation heatmaps. Class 
distributions, feature distributions, and relationships among 
clinical characteristics were all analyzed with the use of these 
graphics. The outcomes may be found below: 
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Fig. 1. Proposed Flowchart for Clinical Risk Prediction 

 

Fig. 2. Bar Graph of Class Distribution 

 

Fig. 3. Correlation Heatmap of Clinical Variables 

Figure 2 is a bar graph showing the distribution of the 
dataset's two result classes; Class 0 (Negative) has a 
significantly larger sample size than Class 1 (Positive). This 
means there is a moderate class imbalance, requiring 
consideration when training the model to ensure dependable 
and fair predictive performance. The correlation heatmap 
(Figure 3) shows the correlation between the most important 
clinical variables, of which most of the variables show a weak 
linear correlation, with correlation levels close to zero. This 

means that there are no duplicate variables that give 
information, and this is important for developing an effective 
predictive model. 

 

Fig. 4. Distribution of Key Clinical Features: Age, Heart Rate, and Glucose 

The histograms in Figure 4 show the distribution of the 
data for each of these three features, which are all 
approximately normally distributed around the central range. 
The distributions suggest that the clinical variables are well 
captured and appropriate for robust predictive modeling and 
statistical analysis. 

B. Data Pre-Processing  

There is a thorough data preparation step for the MIMIC-
III dataset that ensures the data is good and makes clinical risk 
prediction more reliable. As part of the data compilation 
process, check for inconsistencies and missing values, use 
statistical methods to fill them in, and eliminate any duplicate 
or redundant information. Moreover, noise and 
inconsistencies are identified and removed to ensure data 
quality, providing a clean and reliable set of data for proper 
ML model training and assessment. 

C. Label Encoding 

Label encoding is a method for transforming categorical 
data into numeric values that may be utilized in ML. Data 
consistency is maintained and each distinct category is 
assigned a unique integer label, which allows for fast model 
training and better prediction. 

D. Normalization Using StandardScaler  

Each feature in the dataset has a different scale, thus the 
dataset is scaled using the StandardScaler approach. A perfect 
distribution, with a mean of zero and a standard deviation of 
one, is the desired outcome for all characteristics. Equation (1) 
states that in order to accomplish standardization, the average 
value is subtracted from each feature's value and then divided 
by the feature's standard deviation. 

 𝑧 =
𝑥−𝜇

𝜎
   () 

the transformed value (z) of the feature, the initial values 
(x) of every trait in the dataset, the mean (μ), and the 
dispersion (σ) of every trait 

E. Data Balancing Using SMOTE-ENN 

Data balancing is a pre-processing technique that 
improves model performance by reducing classification bias 
caused by an imbalance in the data between majority and 
minority classes. The generated minority class dataset was 
balanced using SMOTE-ENN to generate synthetic samples 
which reduced the noisy and misclassified instances and 
achieved better robustness, generalization, and predictability. 

MIMIC-III Clinical Dataset 

Data Pre-processing 

Missing 

Value 
Imputation 

Noise 

Detection and 

Removal 

Elimination of 

Duplicate and 

Redundant Entries 

Label Encoding Min-Max Normalization 

Data balancing using 

SMOTE-ENN 
Data Splitting 

Training  Testing  

Implement Artificial Neural 

Networks (ANN) 

Model evaluation 
Accuracy, Precision, 

Recall, F1 Score 

Results  
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Fig. 5. Distribution Graph After SMOTE-ENN 

Figure 5 shows the balanced dataset, which was achieved 
by applying the SMOTE-ENN approach. Almost equal 
numbers of samples were found in each class. A more accurate 
and trustworthy classification model may be achieved with 
this evenly distributed dataset by reducing the influence of 
class bias. 

F. Data Splitting 

A training subset comprising 70% of the dataset and a 
testing subset comprising 30% of the dataset were created 
using stratified sampling. In order to train and assess the 
model without bias, method made sure that the distribution of 
classes in the training set and testing set matched that of the 
original dataset. 

G.  Proposed Artificial Neural Networks (ANN) Model 

ANNs are a type of computer architecture that aims to 
mimic the functions and structure of the human brain. In data, 
ANNs may uncover intricate patterns and correlations. Input, 
hidden, and output layers—all comprised of linked networks 
of neurons—make up a common design for such a network. 
The network is able to learn from data using training 
techniques like backpropagation because each neuron 
analyzes incoming data using weighted connections and 
activation functions. The ANN is a popular model that mimics 
the way the human brain uses synapses to store and retrieve 
information, allowing it to carry out tasks like pattern 
recognition, classification, and acquiring new knowledge 
from its surroundings. Equation. (2) gives the output y of 
neuron k. 

 𝑦𝑘 = 𝜑(𝑢𝑘 + 𝑏𝑘 ) And 𝑢𝑘 =  ∑ 𝑤𝑘𝑗𝑥𝑗
𝑚
𝑗=0  (2) 

This bias influences the activation function's input 𝜑, and 
𝑤𝑘𝑗 is the synaptic weight from input 𝑥𝑗 to k. 

Equation (3) defines the error function that, for the n-th 
iteration on neuron i, is used to train the weights and biases of 
a multilayer perceptron. The hidden neurons in a multilayer 
perceptron are highly connected to one another through 
synapses, which allows the network to recognize patterns as 
an essential part of solving complex problems. 

 𝑒𝑖 = 𝑑𝑖(𝑛) − 𝑦𝑖(𝑛) (3) 

where the neuron's output is denoted by y and d is the 
intended output. Equation (4) shows the revised error energy 
function for an output layer of size O. 

 𝐸𝑎𝑣𝑔 =
1

𝑁
∑ 𝐸(𝑛)𝑁

𝑛=1   where 𝐸(𝑛) =
1

2
∑ 𝑒𝑖

2(𝑛)𝑜
𝑖=1  (4) 

The dataset size is represented by N. Optimization seeks 
to minimize the error energy function as much as possible as 
it iteratively traverses the network's layers. The recommended 
ANN model was trained for 30 epochs using the Adam 
optimizer, with a learning rate of 0.001, batch size of 32, and 

a binary cross-entropy loss function. There is an input layer, a 
hidden layer with 64 neurons, an activation function called 
ReLU, a dropout rate of 0.5, and an output layer that employs 
sigmoid activation for clinical risk assessment. The 
architecture of the network further includes these components. 

H. Evaluation Metrics 

The proposed ANN model is evaluated using a confusion 
matrix. Discuss the key metrics used to evaluate the model's 
classification performance, such as ACC, PRE, REC, and F1, 
that were generated from these data sets below: 

Accuracy: A confusion matrix is used to assess the 
suggested ANN model. This metric, which is given by 
Equation (5), evaluates the trained model's prediction 
performance as a whole. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
 (5) 

Precision: The ACC rate, often known as the PRE, is the 
proportion of correctly predicted positive cases relative to the 
total number of positive occurrences. It is a way to evaluate 
the model's prediction accuracy and is represented by 
Equation (6). 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 (6) 

Recall: REC measures how many positive occurrences 
were accurately predicted relative to how many positive 
occurrences actually occurred. This represents the model's 
ability to find all relevant positive examples, and it's written 
as Equation (7). 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
 (7) 

F1 score: This metric represents the harmonic mean of the 
two variables PRE and REC. You may find it in Equation (8); 
it ranges from 0 to 1, with higher values indicating better 
categorization performance. 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

IV. RESULTS AND DISCUSSION  

This section details the experimental setting and compares 
the suggested model's performance on a number of 
performance criteria, drawing attention to its efficacy and 
efficiency.  

A. Experimental Setup 

The research was conducted on a workstation equipped 
with an Intel Core i7 CPU, 32 GB of RAM, and an NVIDIA 
RTX 3080 GPU. NumPy and Pandas were utilized for data 
processing; SHAP was employed to include explainability. 
The software environment also included the DL framework 
TensorFlow 2.11, Scikit-learn 1.2, and Python 3.9. 

B. Experimental Results 

The proposed model is validated on key performance 
metrics like ACC, PRE, REC etc., in the proposed paper by 
using the MIMIC-III Clinical dataset as summarized in Table 
II. The ANN model has an ACC of 98.6%, indicating its 
ability to accurately classify clinical risk instances. It also 
achieved a PRE of 97.0%, showing a good identification of 
positive cases, and a REC of 96.5%, meaning that the cases it 
detected were actual positive cases. Moreover, the model 
achieved an F1 of 96.9%, which shows a good balance 
between PRE and REC. 
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TABLE II.  PERFORMANCE METRICS OF THE PROPOSED CLINICAL RISK 

PREDICTION MODEL 

Matrix ANN Model 

Accuracy  98.6 

Precision 97 

Recall 96.5 

F1-score 96.9 

 

Fig. 6. Training and Validation Accuracy Curve of ANN 

Figure 6 shows the ANN model's ACC curve, which 
shows that ACC becomes higher throughout validation and 
training. Since the training and validation curves converge 
smoothly, it means that the model learns well and can 
generalize well to new data. The curves are very close, which 
shows low overfitting and proves the stability, robustness, and 
reliability of the proposed ANN model. 

 

Fig. 7. Training and Validation Loss Curve of ANN model 

Training and validation losses go downhill with increasing 
epoch counts (Figure. 7), suggesting that the model is learning 
well. The training loss approaches a low loss, and the 
validation loss doesn't fluctuate significantly. This action 
proves that the ANN model converges well and produces 
trustworthy generalization results. Figure 8 shows the 
suggested model's classification performance using both the 
actual and anticipated labels. Only five and six samples, 
respectively, were misclassified; the remaining 204 and 85 
samples were correctly classified. The findings provide a high 
accuracy rate for predictions and a good dependability for 
classifications. 

 

Fig. 8. Confusion Matrix of ANN model 

C. Comparative Analysis 

The performance of the proposed model is contrasted with 
that of several ML and DL models in Table III. The purpose 
of this is to determine whether the model is effective. While 
comparing the proposed ANN model to KNN, LR, and DNN, 
we use ACC, PRE, REC, and F1. This KNN model appears to 
produce subpar classification results with an ACC of 77%, 
PRE of 50%, REC of 12%, and F1 of 22%. The DNN model 
outperformed the LR model in terms of ACC, with a 92.1% 
success rate, 91% PRE, 90% REC, and 90% F1. The 
suggested ANN model outperformed the competition with 
impressive results: 98.6% ACC, 97.0% PRE, 96.5% REC, and 
96.9% F1. Results show that proposed ANN model beats 
existing models in terms of clinical predictive performance 
and prediction accuracy. 

TABLE III.  COMPARISON OF MACHINE LEARNING AND DEEP 

LEARNING MODELS FOR CLINICAL RISK PREDICTION 

Model Accuracy Precision Recall F1-score 

KNN[23] 77 50 12 22 

LR[24] 89 - - - 

DNN[25] 92.1  91 90 90 

ANN 98.6 97 96.5 96.9 

The proposed ANN model showed better performance in 
clinical risk prediction with ACC of 98.6% which was better 
than the compared models. The model successfully reduces 
prediction errors while identifying clinical risk patients, as 
shown by the high PRE, REC, and F1. In order to enhance the 
algorithm's dependability and predictive ACC, the ANN 
design may learn intricate nonlinear patterns from clinical 
data. The highlighted advantages show that the suggested 
ANN model has promise for assisting healthcare decision-
making and providing reliable clinical risk predictions. 

D. Justification and Novelty 

Health care providers must have access to credible clinical 
risk prediction tools in order to aid in the early identification 
of high-risk patients, which is why the proposed study is 
warranted. Most existing approaches have limitations when it 
comes to handling complicated clinical interactions, data 
variability, and the dependability of predictions. The novelty 
of this work is establishing an ANN-based clinical risk 
prediction model that can learn non-linear patterns from 
clinical data and enhance predictive performance by using full 
preprocessing and optimization process. The proposed 
solution is intelligent and data-driven, aiming to improve the 
clinical decision-making process and facilitate personalized 
healthcare management. 

V. CONCLUSION, LIMITATIONS AND FUTURE STUDY 

Clinical risk prediction models are crucial in the healthcare 
sector because they allow doctors and nurses to identify 
patients who may be at risk and develop personalized care 
plans. The proposed Artificial Intelligence-based clinical risk 
prediction framework with ANN is an effective framework 
that can analyze complex clinical patterns and enhance the 
ACC of disease risk assessment of patients. The model aims 
to incorporate all major data preprocessing and learning 
mechanisms that can boost the reliability of prediction and 
classification performance. The testing findings demonstrated 
that the suggested ANN model outperformed competing 
models with ACCs of 98.6%, LR (89%) and DNN (92.1%). 
The results demonstrate that the suggested framework has the 
potential to accurately detect clinical risk factors and deliver 
healthcare choices. This study's results highlight the potential 
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of AI-driven clinical risk prediction systems to improve early 
risk detection, patient monitoring, and the development of 
smart healthcare aid apps. The study's limitations include 
using only one clinical dataset, which could restrict the 
model's wider clinical relevance in other patient populations 
and clinical settings. Future steps involve additional validation 
with multiple center datasets, expansion of clinical data 
sources and optimization for real-time deployment for clinical 
decision support. 
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