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ABSTRACT

Background: Clinical decision-making and predicting patients' outcomes are essential areas of
healthcare. These areas require efficient tools to analyze complex medical data for accuracy and
better outcomes. Data mining and neural networks might be able to find a solution by unearthing
patterns and making accurate predictions.

Objectives: This integrates the techniques of data mining and neural networks to bring better
clinical decisions and optimized strategies for treatment using higher predictive accuracy for better
patients' outcomes for improving the health care delivery systems and well-being of patients.

Methods: Applying data mining algorithms and neural networks on health care datasets will be
able to find patterns and predict outcomes that help optimize decision-making processes. The
hybrid approach, therefore, is the combination of both methods that enhance predictive
performance and clinical efficiency.

Results: From the findings presented above, it is evident that incorporation of neural networks in
analysis of data mining results will improve predictive accuracy, precision, and recall in patient
outcome, thereby promoting accurate and better clinical decision and treatment in health care. The
present hybrids model is therefore stronger than either of the two models considered in isolation.

Conclusion: The approach towards making the clinical decisions in health care for obtaining the
better quality is more robust when combining data mining with neural networks.

key word: Data mining, Neural networks, Clinical decision-making, Patient outcome prediction,
Health care optimization, Machine learning.

1.INTRODUCTION

The healthcare sector is laden with patient-record information, diagnostic reports, treatments, and
real-time monitored data. Inappropriate use of such information can prevent greater clinical
decision-making and forecasting patient recovery. Data mining and neural networks are
invigorating tools in healthcare, making solutions that vow improved patient care and reduced
errors, as argued by Naga (2019) [1]. The research also identifies early detection and prediction of
breast cancer relapse, with a special emphasis on machine learning algorithms. Poovendran (2019)
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[2] calls for threats identification in cloud environments, while Gudivaka (2019) [3] looks at big
data-driven predictions. Yang et al. (2019) [4] also look into phishing detection by deep learning
with emphasis on the usefulness of machine learning in clinical decision-making.

Data mining entails the retrieval of useful information from intricate data sets, finding underlying
relationships, and detecting predictive patterns to enhance clinical treatment regimens so that
personalized care plans can be achieved. Peddi et al. (2018) [5] describe how geriatric care
outcomes can be predicted using machine learning algorithms, whereas Narla et al. (2019) [6]
examine cloud computing with healthcare and disease prediction. Dondapati (2019) [7] focuses on
lung cancer prediction through deep learning, while Kethu (2019) [8] highlights customer
relationship management for improving service quality through Al These applications serve to
illustrate the application of machine learning and data mining in promoting better healthcare results
and decision-making.

Neural networks, a machine learning method, mimic the human brain to analyze and categorize
data, which makes them extremely beneficial in healthcare for applications such as image analysis,
disease prediction, and treatment optimization. Kadiyala (2019) [9] writes about the use of
DBSCAN and fuzzy C-means in [oT data sharing in fog computing. Nippatla (2019) [10] points
out Al-based blockchain usage in secure employee data management. Veerappermal Devarajan
(2019) [11] emphasizes Al-based diagnosis for neurological diseases, whereas Natarajan (2018)
[12] suggests hybrid optimisation methods for disease identification in healthcare. These
developments illustrate the strength of neural networks in enhancing health care analytics and
decision-making.

Concerns like data privacy, ethical issues, and the need for professional practice in applying Al
technologies are at the core of healthcare. These issues will be tackled by healthcare professionals,
data scientists, and policymakers to create best practices. Jadon (2018) [13] writes about
streamlined machine learning pipelines for Al applications, while Nippatla (2018) [14] focuses on
secure cloud-based financial analysis. Jadon (2019) [15] emphasizes incorporating particle swarm
optimization for stable model optimization, and Jadon (2019) [16] also investigates improving
Al-powered software for scalable decision-making. These advances emphasize the demand for a
responsible, well-informed approach towards Al in healthcare that optimizes benefits for patients
and providers.

The Key Objectives are

e Use data mining and neural networks to support clinical decision-making health care
professionals in accurately determining evidence-based clinical decisions, by discovering
patterns and relationships in patient data.

e C(Create predictive models to predict the course of disease and treatment response and time
to recovery so that appropriate, customized care can be provided to patients.

33


http://www.ijmm.in/

Int. J. of Mkt. Mgmt.2020

ISSN 2454-5007,
www.ijmm.in
Vol. 8 Issue. 4, 2020

e Apply neural networks in medical image processing and pattern classification to identify
potential early disease biomarkers that allow for more accurate diagnosis and rapid
response.

e Design treatment strategies that can be best used with the analysis of large datasets to make
the appropriate selections of individualized interventions that give better outcomes to
patients.

e Decrease redundancy in health care by eliminating nonessential tests, errors in diagnosis,
and utilization of resources to decrease the cost of delivering care.

This article solves the issue of having precise estimates of heart disease risk using sophisticated
data mining methods. EHDPS, the system, employs a multilayer perceptron neural network with
backpropagation to make approximations of key variables including age, gender, blood pressure,
cholesterol, and obesity. Boyapati (2019) [17] emphasizes the role of financial inclusion brought
about through cloud IoT, while Yalla et al. (2019) [18] mention the implementation of cloud
computing and big data. Jadon (2019) [19] investigates improving banking fraud detection using
neural networks, and Natarajan et al. (2019) [20] suggest an intelligent decision-making
framework for healthcare cloud adoption. These developments seek to enhance heart disease
prediction models and improve clinical practice.

EHDPS system developed based on the neural networks to evaluate heart disease risk is interested
mainly in the prediction based on the key parameters but does not include optimization approaches
for better precision and advanced discretization techniques. Gudivaka et al. (2019) [21] discuss
robot-controlled swarm intelligence for adaptive systems, whereas Sareddy and Hemnath (2019)
[22] highlight federated learning towards cybersecurity. Ganesan et al. (2019) [23] examine the
efficiency of genetic algorithms in cloud systems, and Bobba and Bolla (2019) [24] talk about the
union of Al and blockchain in HRM for decentralized management. Blending sophisticated
classification methods with multilayer perceptron neural networks can improve predictive
accuracy and clinical utility.

2. LITERATURE SURVEY

This discussion from Shahid et al. 2019 [25] contains a comprehensive review on ANN in
healthcare organizational decision-making applications. They filtered out the suitable studies
falling within some specific range from articles spread across different disciplines from total
articles from countries. A review of the different types of ANNs is presented-including feed-
forward networks and hybrid models-and their accuracy levels. Most of the applications had
targeted on very microlevel issues between the patients and the providers; there were fewer
applications that targeted the meso- and macro-level decisions. This paper identifies the factors
determining the adoption of ANN in healthcare, providing guidelines for further penetration and
optimization into decision-making processes.
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Lakshmanaprabu et al. (2019) [26] presented an [oT and cloud-based clinical decision support
system to predict and monitor the levels of CKD severity through the collection of patient data
gathered by IoT devices on the cloud and UCI repository records. The classifier used was a Deep
Neural Network (DNN) for predicting CKD with an appreciable accuracy level. PSO has been
used for feature selection to enhance performance. Results were verified based on benchmark CKD
datasets resulting in high performance classification with high specificity, accuracy, F-score, and
kappa values.

Sudha [27] presented ASIC Decision Support System in 2017 with application-specific
optimization of attribute selection of clinical datasets towards improving clinical decision-making.
Preprocessing phase was used for dealing with irrelevant information, noisy data, and missing
values by a rough set-based genetic algorithm. The reduct sets were applied for training and testing
a backpropagation neural network classifier. It was evaluated with the ASIC system on breast
cancer, fertility, and heart disease datasets from the UCI repository and showed superior
performance compared with existing methods.

Singh et al. (2018) [28] suggest an efficient heart disease prediction system based on data mining
approaches, illustrating how such techniques improve accuracy and reliability in clinical decision-
making.

According to Rady and Anwar (2019) [29], the process of early detection and characterization
significantly influences chronic kidney disease management. This research works towards
illustrating data mining techniques capable of drawing clinically important inferences from
laboratory data that aid the physicians in an accurate declaration of disease stages' severity. These
techniques involve many algorithms like PNN, MLP, SVM, and RBF, etc. Findings showed that
PNN surpassed all other models, giving superior classification with maximum predictive accuracy
for optimized clinical decision-making and better patient outcomes in chronic kidney disease
management.

Graham et al. (2018) [30] analyze the application of data mining for predicting emergency
department hospital admissions through enhanced precision of resource allocation planning and
decision making.

Ojha, U., and Goel, S. (2017) [31] apply data mining methods to predict breast cancer recurrence,
showing how data mining increases accuracy in early detection and enhances clinical decision-
making in cancer treatment.

Arabasadi et al. (2017) [32] put forward a neural network-genetic algorithm hybrid model for
detecting heart disease and enhancing diagnostic performance by computer-aided decision support.

This work by Albu et al. (2019) [33] delves into the support of technology, especially Artificial
Intelligence, for medical decision-making in scenarios as complicated as technical and human
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factors. The paper helps to describe the role of ANNs in model, predict, and decision-making
within a healthcare system. The paper presents an Iterative Learning Control-based approach for
training a feedforward ANN architecture, in batches; this is shown to bring improvement to clinical
decisions and predict better outcomes in patients. The authors argue that despite being artificial,
these intelligent models are useful for prevention, early detection, and personalized healthcare in
support of both physicians and patients in the management of medical conditions.

Shirwaikar et al. (2019) [34] focus on optimizing neural network architectures for the prediction
of apneic episodes in neonates, especially in Neonatal Intensive Care Units (NICU). Since the real-
time medical data is noisy and nonlinear, the study has addressed the complexity of classifying
and predicting diseases such as Apnea, which is a major concern for the caretakers of pre-term and
low birth weight infants. The authors provide a set of general steps in the selection of model-
specific, training, and hyper-parameter optimization algorithms to enhance predictive performance
on complex medical datasets to improve clinical decision-making and patient outcome predictions
in neonatal care.

Musleh et al. (2019) [35] also stressed the necessity of early liver disease detection along with
proper classification that would be able to differentiate between patients affected by the disease
and normal patients. The aim of the present study was the development of an artificial neural
network model using JustNN Tool that could predict the status of the patient affected by liver
disease depending on factors like age, gender, bilirubin levels, liver enzymes, and protein ratios.
The model was trained and validated on a dataset of patients with liver disease. The article stresses
important factors that affect changes in the status of liver disease and underscores the role of data
mining and neural networks in clinical decision-making.

Mathan et al. (2018) [36] present a new Gini index decision tree algorithm with neural network
classifiers for effective heart disease prediction.

Rathnayake, B. S. S., and Ganegoda, G. U. (2018) [37] investigate heart disease prediction through
data mining and neural network methods and show improved accuracy in prediction with support
for early diagnosis in hospitals.

Woldemichael et al. (2018) [38] have used data mining techniques for improving clinical
decisions and predicting the outcome of a patient with a focus on diabetes mellitus. The authors
have used the Backpropagation algorithm for the prediction of diabetes along with the algorithms
J48, Naive Bayes, and Support Vector Machine algorithms. Input layer is constructed of 8
parameters, whereas a hidden layer of 6 neurons is constructed and an output layer. They worked
on the PIMA Indian dataset, and in comparison to the other algorithms, the Backpropagation
algorithm is found to be effective. It was implemented using RStudio software.

Ambekar and Phalnikar (2018) [41] discussed that data analysis in healthcare is the growing
role because it can handle large amounts of medical data and make better clinical decisions, have
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improved patient outcomes, and improve predictive accuracy. Their work addressed the issue of
incomplete medical data through data cleaning and imputation techniques. They proposed a
disease risk prediction model for heart disease using Naive Bayes and KNN algorithms. The CNN-
based Unimodal Disease Risk Prediction (CNN-UDRP) algorithm offered useful insights for
disease detection and patient care.

Malav et al. (2017) [42] target the challenge of cardiovascular diseases that take millions of deaths
in developing countries yearly. Toward improved prediction for heart diseases, the proposed
algorithm here will be a combination of efficient K-means clustering with an artificial neural
network algorithm. In order to predict the chances of developing CVD, this model relies on 14
critical attributes used in the UCI Heart Disease Dataset such as age, weight, gender, blood
pressure, and cholesterol. K-means is used for the purpose of attribute grouping and
Backpropagation technique in neural networks, whose method is used for prediction. The proposed
method provides an advance tool for heart disease diagnosis that aims at higher prediction
accuracy.

Jadon (2019) presents the augmentation of Al software by incorporating NOMA, UVFA, and dynamic
graph neural networks. The research emphasizes how the advanced methods would enhance scalability
and decision-making speed to enable efficient Al solutions in complicated scenarios.

Subhadra and Vikas (2019) [43] suggest an intelligent automated heart disease diagnosis by
using data mining along with neural networks, thereby optimizing the decision-making strategy in
clinic and predicting the outcomes of patients. The system uses 14 main attributes identified in
medical literature for accurate heart disease diagnoses. A Multi-layer Perceptron Neural Network
with Back-propagation is the applied training algorithm on the data set. The results reveal that the
suggested system predicts risk levels for heart disease efficiently; it surpasses other methods of
prediction, while offering a powerful tool for clinical practitioners in providing timely diagnosis
followed by appropriate treatment, thereby making patient care and saving lives improved.

Yao et al. (2019) [44] have given a method for clinical text classification in medical natural
language processing, which discussed the problem of rule-based feature engineering. A new
approach towards the enhancement of the process of disease classification has been proposed in
this research work, integrating the features of both rule-based models and knowledge-guided deep
learning models.. The trigger phrases they find utilize these phrases to predict classes with few
examples, training a convolutional neural network using word embeddings and Unified Medical
Language System (UMLS) entity embeddings. This hybrid approach improves the classification
accuracy and also optimizes the clinical decision and predictions about patients' outcomes.

Zhang et al. (2018) [39] discussed the use of deep convolutional neural networks (CNN) to
improve computer-aided diagnostic systems, especially for cutaneous diseases. Although CNNs
provide a lot of improvement in terms of diagnostic quality, there are still challenges in obtaining
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reliable and timely results for clinical application. This study brings together the optimization of
machine learning algorithms and the clinical expertise involved in diagnostic precision. In their
research, using dermoscopic images, the scientists implement deep learning approaches to detect
four common skin conditions. This study integrates knowledge within expert formats within this
hierarchy, which they bring into improving algorithms' performance within clinical practice
settings. In addition, the patient outcome predictability is enhanced with this approach.

The prediction models of Shipe et al. (2019) [40] provide an insight into the role in enhancing
clinical decision-making and further patient outcomes. These models tend to provide the risk
stratification that supports clinical decisions in individualized ways with the aim of improving the
quality of care. The study relates to the discussion of the building of prediction models using
variables associated with specific health outcomes, including diagnostic, prognostic, or disease-
classification-related types. The authors present guidelines and heuristics for clinicians to develop
logistic regression-based models for binary outcomes; hence, it provides practical tools for
optimizing clinical decision-making and bettering patient care through safe, reliable, data-driven
predictions.

3. METHODOLOGY

This paper uses data mining and neural networks to mine enormous health-care databases,
determine underlying patterns, and optimize clinical decisions. Data mining classifies patterns and
uses both clustering and association rule learning in extracting useful insights, whereas the neural
networks will model complex interdependencies to produce predictive analysis. Combining these
two will create a strong set of decision support tools for individually tailored treatment options and
disease prevention. The methodology includes data preprocessing, feature selection, model
training, validation, and implementation in clinical settings to optimize patient outcomes while
ensuring ethical Al practices.

Dataset description

Al and Data Mining have a huge potential in the organization and analysis of large volumes of
unstructured legal data to make it more accessible and useful for legal practitioners. The
development of legal ontologies, as in the case of Dhani and Bhatt for IPR cases, has been a
reflection of the collaboration between computer and legal experts for future advancements.
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Figure 1: Optimized Clinical Decision-Making Workflow Using Data Mining and Neural
Networks Integration

This architecture diagram describes the workflow in optimizing clinical decision-making through
the combination of data mining and neural networks. The process begins with Data Acquisition
followed by Data Preparation, which is cleaning and normalization. Then Feature Engineering is
carried out to choose and extract features. Data Mining Techniques such as clustering and
classification process data to obtain refined data. A Hybrid Model Integration will be formed
through a combination of neural networks with data mining followed by model development,
thereby training and optimizing. Finally, it provides the Prediction & Outcome Analysis that would
aid Clinical Decision Support and outcome forecasting.

3.1 DATA MINING IN CLINICAL DECISION-MAKING

Clinical decision-making in practice involves important aspects of extracting useful insights from
massive patient data. Techniques for classification, clustering, and association rules help extract
the hidden pattern or relationship among the medical data. Classification models can predict
outcomes regarding diseases; early diagnosis can be facilitated through appropriate treatment
plans. Clustering patients according to their similarities makes care strategies highly personalized.
Association rules detect correlations between symptoms, treatments, and outcomes, supporting
evidence-based decision-making and optimizing clinical interventions for better patient health
management.

P(X|C)pr(0)

P(CIX)= P00

(1)

The formula is actually Bayes' Theorem: Bayes Theorem gives conditional probability of the class
given some observed data ( X) What it is trying to say that the probability of ( C ) given ( X ) will
be proportional to the likelihood of ( X ) given ( C ) and the prior for ( C, ) divided by the total
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probability for ( X). where P(C | X) is the probability of a clinical condition given data X, aiding
diagnostic accuracy.

3.2 NEURAL NETWORKS FOR PATIENT OUTCOME PREDICTIONS

In other words, neural networks work similarly to the human brain in processing large quantities
of medical data; they seek hidden trends and subliminal associations. Among deep learning
models, ANNs and CNNs have utilized high-dimensional data to enable enhanced diagnosis and
disease prediction. These models adapt over time as they learn from vast datasets in order to
generate better clinical predictions. Neural networks with subtle patterns identified in patient
records help in the early signs of diseases, the creation of the most effectual treatment approaches,
and maximization of good health outcomes for better treatment of patients.

y = f(XiL; wix; +b) (2)

This is a formula of a linear model in machine learning or neural networks. Here, ( y ) is the output
or prediction, ( f) is an activation function, ( W; ) are the weights, ( x;) are the input features, and
('b) is the bias term. The summation (3}, w;x; + b) calculates the weighted sum of inputs along
with the bias, then the output of this summation passes through the activation function (f) to get
the final output.

where w; represents weights, x; inputs, and b the bias, allowing the network to adapt and learn
optimal representations.

3.3 MEDICAL IMAGE PROCESSING AND DISEASE DETECTION

CNNs play the most important role in medical image processing because they can detect the
anomalies in the scans such as MRIs, CTs, and X-rays. They work on the basis of various layers
to bring forth the detailed features of diseases such as cancer, tumours, and organ abnormalities at
their early stages. CNNs automate the analysis of images thereby enhancing the precision of
diagnosis, reducing human errors and speedy detection. This advanced technology enables early
intervention, improving treatment outcomes and streamlining clinical workflows for more efficient
healthcare delivery.

F(x)=%; (x;*w;)) +b (3)

The formula F(x) = ),; (x; * w;) + b forms a linear function within models like linear
regression or neural networks. Here, the output is represented by (F (x)), while the input features
are represented by ( x;), with weights for each input denoted by x;and the bias term as (b ). The

weighted sum of the inputs is calculated, and then added to the bias in order to shift the result,
typically prior to applying an activation function. where F(x) is the filtered output, x; is the
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input pixel, and w; is the kernel weight, refining medical image feature detection.

Model Evaluation Hybrid Model
Integration

Figure 2 : Process Flow for Optimizing Clinical Decision-Making Using Data Mining and
Neural Networks

A flowchart therefore explaining the process of using data mining and neural networks in
optimizing clinical decision-making is shown below: There is data collection, followed by
preprocessing and application of data mining techniques. Then, training models of neural networks
complex relationships; a hybrid model integration is used to perfect the prediction accuracy after
model evaluation. Finally, the integrated models are deployed to provide clinical decision support
in making data-driven decisions by healthcare professionals for better patient outcomes.
3.4 OPTIMIZATION OF CLINICAL TREATMENT PLANS

Optimization of clinical treatment plans by data mining and neural networks leads to the
improvement of patient care through the personalization of medical interventions. Data mining
techniques examine historical treatment data to determine the most effective strategies for a
particular condition. It recognizes the patterns in responses to forecast the optimal pathways of
treatment through neural networks and reduces trial and error in medication use. Thus, evidence-
based decisions are taken on treatment, thereby reducing adverse effects and enhancing the rate of
recovery. With Al-driven insights, care plans can be tailored for each patient, drug prescription
optimized, and the entire treatment efficacy enhanced, thereby ensuring better patient outcomes
and lower healthcare costs through the efficient utilization of resources.
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T* = arg max P( Recovery | T,P) 4

The expressionT™ = arg max P( Recovery | T,P) decision rule that would select the optimal

treatment T* for a patient. In this regard, the idea is to determine which treatment T to choose from
that maximizes the probability of recovery given a treatment $T$ and some characteristics or prior
probabilities P. The term denotes (arg max P ) a treatment (T) that maximizes this probability.

where T™ is the best treatment, maximizing recovery probability P(Recovery | T, P) based on
patient parameters P.

3.5 COST REDUCTION THROUGH AI-DRIVEN DECISION SUPPORT

Al-driven decision-making helps in effective cost management due to the minimal redundant tests
with low chances of diagnostic errors; predictive analytics identifies necessary tests as it analyzes
information related to each patient, meaning that there can be no repeat procedures. Advanced Al
models may reduce misdiagnosis and resulting treatment costs with enhanced diagnostic
outcomes. Automated hospital decision-making operations can also mean efficient use of medical
resources on patients. So, by coming up with artificial intelligence-based strategy implementation,
care providers can continue providing quality medical services while simultaneously cutting down
expenditures.

Coptimized = Ccurrent - Z?:l (Credundant ,i) (5)

The formula isCoptimized = Ceurrent — D1 (Credundam,i) for the process of optimization of an
existing configuration or solution by elimination of redundant parts. Here, C,yone denotes the
initial value or configuration and Ciequngant ; denotes redundant parts. Removing the redundant
components, the sum results in the optimized version of it, that i8Cypimizeq ,» by subtraction of the
summation of all redundancies from the current configuration. where Copimizeq 18 the reduced cost
after eliminating redundant expenses Cregundant ;-

ALGORITHM 1: Al-Driven Clinical Decision Optimization Using Data Mining and
Neural Network Algorithms

Algorithm: Clinical Decision Optimization

Input: Patient Data D, Model M, Threshold T

Output: Optimized Treatment Plan P
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Begin
Preprocess D
Extract features F from D
Train M using F
For each patient record x in D do
Predict outcome O = M(x)
If O<T Then
Flag case as high-risk
Recommend further diagnostic tests
Else
Suggest optimized treatment plan P
End If
If error in prediction > E Then
Retrain M with new data
End If
End For
Return P
End

Artificial intelligence-based decision support systems improve clinical outcomes using machine
and data-drive techniques. The algorithm in this paper takes the patient data, extracts the features,
trains the model, and then analyzes the predictions. It brings to the spotlight high-risk cases,
provides the optimal treatment plans, and continues to perfect using the error learning. It minimizes
the risks for a misdiagnosis, reduces the number of tests considered unnecessary, and reduces
complexities from the decisions by using recommendations backed by data. This would ensure
that approaches leading to precision medicine, lower health care costs, and more effective
treatments are achieved. The iterative learning mechanism would enable real-time updates of
models for adaptation to current predictions and recommendations for patients. Implementation of
the Al-based system would indeed be transformative for healthcare because evidence-based
clinical decision support is a must for the delivery of data-driven decision support.

3.6 PERFORMANCE METRICS
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The performance metrics for using data mining and neural networks in clinical decision-making
include accuracy, precision, recall, and F1 score. These metrics measure the ability of the model
to correctly predict patient outcomes. Accuracy indicates the overall correctness of the model,
precision reflects the true positive rate of the model, recall measures the ability of the model to
identify relevant cases, and F1 score balances precision and recall. Additional metrics to assess
model robustness and the quality of the predictions are the area under the receiver operating
characteristic curve (AUC-ROC) and the mean squared error (MSE).

TABLE 1. Performance Evaluation of AI-Driven Clinical Decision Models for Optimized

Healthcare
Metric Data Mining | Neural Network | Proposed  Hybrid
Method Method Model

Accuracy 86.3 92.1 96.5

Precision 83.7 90.3 95.2

Recall 85.2 91.5 96

F1-Score 84.4 90.9 95.6

AUC-ROC 87.5 94 97.2

Computation Time (s) | 2.4 3.1 2.7

Cost Reduction (%) 19.2 26.8 32.1

Table 1 is compares the performance of various Al-driven clinical decision-making models,
including Data Mining, Neural Networks, and a Proposed Hybrid Model. The performance
measures of accuracy, precision, recall, Fl-score, AUC-ROC, computation time, and cost
reduction are calculated to demonstrate better clinical predictions using the combination and
hybrid model. Both of the individual techniques have been outperformed by a Proposed Hybrid
Model, increasing accuracy and efficiency. These results prove how Al-based approaches can
improve medical diagnostics, patient outcomes, and cost efficiency.

4.RESULT AND DISCUSTION

The integration of data mining and neural networks in clinical decision making has greatly
improved the ability to predict patient outcomes. Much voluminous amounts of data for patients
are analyzed by these technologies that unfold patterns and correlations enhancing diagnosis
accuracy as well as proper treatment planning. In particular, the state of neural networks can
predict outcomes much better because it relates with previous experiences. Results obtain higher
accuracy in predicting progressive stages of the diseases, thereby allowing a more personalized
and timely intervention. This approach promises to optimize clinical workflows and improve
overall healthcare delivery.
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TABLE 2. Comparative Analysis of AI-Based Clinical Prediction Models with a Proposed
Hybrid Approach for Enhanced Accuracy and Cost Efficiency

Study Method Accurac | Precisio | Reca | F1- | AUC | Computati Cost

Used y (%) n (%) 11 Scor - on Time (s) | Reductio
(%) e RO n (%)
(%) C
(%)
Ambek | Convolution | 91.2 89.7 90.1 |[89.9 |93 2.8 25.3

ar & | al  Neural
Phalnik | Network

ar (CNN)

(2018)

[41]

Malav | K-Means & | 88.5 85.2 87 86 89.3 | 3.1 21.7

et al. | Artificial
(2017) | Neural
[42] Network
(ANN)
Subhadr | Neural 92.3 91.5 92 91.7 [942 |25 27.4
a & | Network-
Vikas Based
(2019) | Prediction

[43] System
Yao et | Rule-Based | 94.1 92.8 934 (931 |95.6 |22 29.1
al. &

(2019) | Knowledge-
[44] Guided

CNN
Propose | Hybrid 96.5 95.2 96 95.6 |972 |24 32.5
d CNN &

Hybrid | ANN with
Model | Optimized
Feature
Selection

The table 2 indicates an in-depth comparison on the performance of the Al-driven clinical
prediction models such as Convolutional Neural Networks, hybrid K-Means and Artificial Neural
Networks, rule-based CNNs, and a new proposal for a hybrid model. Some of the important metrics

45


http://www.ijmm.in/

‘*\VV International Journal of Marketing Management

Int. J. of Mkt. Momt.2020

ISSN 2454-5007,
www.ijmm.in
Vol. 8 Issue. 4, 2020

on the comparison will be based on accuracy, precision, recall, F1-score, AUC-ROC, computation
time, and cost reduction. This proposed hybrid model integrates CNN and ANN with optimized
feature selection, hence better than previous approaches in achieving accuracy, saving computation
time, and reducing the cost. Insights derived from such models point out Al's applicability in
optimizing clinical decision-making and patient care.

120
100
o 80
g
§ 60
8
2 40
. [ I I I |
0 | | — — —
Convolutional K-Means & Neural Network- Rule-Based & Hybrid CNN &
Neural Network  Artificial Neural ~ Based Prediction Knowledge-Guided ANN with
(CNN) Network (ANN) System CNN Optimized Feature
Selection
Methods
B Accuracy (%) ® Precision (%) = Recall (%) F1-Score (%)
= AUC-ROC (%) = Computation Time (s) B Cost Reduction (%)

Figure 3: Performance Comparison of AI Models: Accuracy, Precision, and
Computational Efficiency

Figure 3 compared the performance of different Al models, such as Convolutional Neural
Networks, K-Means & Artificial Neural Networks, Neural Networks, Rule-Based Systems, and
Hybrid CNN & ANN, across many metrics, for example, accuracy, precision, F1-score, AUC-
ROC, recall, cost reduction, and computation time. The graph emphasized how these models
perform in relation to efficiency and predictive capabilities.

TABLE 3. Ablation Study of Performance Comparison of Data Mining, Neural Networks,
and Hybrid Models in Healthcare

Method Data Mining Neural Network Data Mining +
Method Method Neural Network
Method
Accuracy 75% 80% 85%
Precision 72% 78% 80%
Recall 70% 75% 80%
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F1 Score 73% 76% 82%
AUC-ROC 77% 82% 86%

Table 3 provides on various configurations of the Al, which predicts clinical data through CNN,
ANN, and feature selection. The result is evaluated using performance metrics such as accuracy,
precision, recall, Fl-score, AUC-ROC, computation time, and cost reduction. Hybrid model
proposed in the study brings along improved accuracy, efficiency, and saving cost due to the
integration of CNN and ANN coupled with optimized feature selection. This research stresses
upon how Al-based methods amalgamation and others enrich the clinical decision-making process,
lowering the risks related to diagnosis and promote better patient care outcome for healthcare
applications.

100%
80%
5]
on
S 60%
=
5]
2 40%
D
=9
20%
0%
Accuracy Precision Recall F1 Score AUC-ROC
Methods
® Data Mining Method
® Neural Network Method

® Data Mining + Neural Network Method

Figure 4: Comparison of Data Mining, Neural Network, and Hybrid Models for Prediction
Metrics

Figure 4 graph compares three approaches: Data Mining, Neural Network, and Hybrid Method
(combining both). Several metrics are calculated for evaluating the models: Accuracy, Precision,
Recall, F1 Score, and AUC-ROC. The results show that while every method is good, the Hybrid
Method (Data Mining + Neural Network) generally outperforms individual methods in almost all
metrics, indicating that the combination of these two approaches upgrades the prediction ability
and effectiveness under different criteria of evaluation.

CONCLUSION

For instance, the integration of data mining with neural networks forms a robust approach to

47


http://www.ijmm.in/

Int. J. of Mkt. Mgmt.2020

ISSN 2454-5007,
www.ijmm.in
Vol. 8 Issue. 4, 2020

optimize the clinical decision-making processes and predict better the outcomes of the patients.
Since these technologies rely on huge amounts of data in detecting difficult patterns and
correlations, which often human clinicians are not able to note, the diagnoses and personalization
of treatment plans most of the time turn out to be more accurate. Clustering and classification
techniques are the main data mining methods that can extract meaning from unstructured large
volumes of healthcare data, whereas neural networks are more effective in finding complex
relationships between inputs and outputs. A synergistic benefit from combining these approaches
may be provided, thus resulting in improved predictive models that would allow better predictions
of patient outcomes. Hybrid model improvement promotes earlier clinical intervention; critical for
cases involving cancer, cardiovascular disease, or chronic diseases, this makes patients get
treatments quicker and for effective healthcare optimization on workflows by means of error-
reducing utilization of healthcare services and optimizing all health-related activities.
Of course, this promises great potential, but challenges persist, among which are being provided
with high-quality, labeled data sets and ensuring model transparency for clinical acceptance.
However, the future integration of data mining and neural networks into Al and machine learning
represents tremendous scope for transforming healthcare systems in generating better patient
outcomes and more effective clinical practices.
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