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Abstract

In machine learning, optimizing solutions is critical for improving performance. This study explores the use of
metaheuristic algorithms to enhance key processes such as hyperparameter tuning, feature selection, and model
optimization. Specifically, we integrate the Artificial Bee Colony (ABC) algorithm with Random Forest and Decision Tree
models to improve the accuracy and efficiency of disease prediction. Machine learning has the potential to uncover
complex patterns in medical data, offering transformative capabilities in disease diagnosis. However, selecting the
optimal algorithm for model optimization presents a significant challenge. In this work, we employ Random Forest,
Decision Tree models, and the ABC algorithm—based on the foraging behaviours of honeybees—to predict liver disease
using a dataset from Indian medical records. Our experiments demonstrate that the Random Forest model achieves an
accuracy of 85.12%, the Decision Tree model 76.89%, and the ABC algorithm 80.45%. These findings underscore the
promise of metaheuristic approaches in machine learning, with the ABC algorithm proving to be a valuable tool in
improving predictive accuracy. In conclusion, the integration of machine learning models with metaheuristic
techniques, such as the ABC algorithm, represents a significant advancement in disease prediction, driving progress in
data-driven healthcare.
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Introduction

Liver disease remains a major global public health section highlights the potential benefits of
combining machine learning with metaheuristic

techniques, focusing on the strengths of the ABC

concern, with its incidence steadily rising. Early
and accurate detection is crucial for effective

medical intervention and improving patient algorithm and Random Forest model compared to

outcomes. Machine learning has emerged as a
powerful tool in this area, thanks to its ability to
analyse large and complex datasets efficiently (1).
This study explores advanced machine learning
techniques, particularly the Artificial Bee Colony
(ABC) metaheuristic algorithm and the Random
Forest model, for predicting liver disease. The
introduction outlines the advantages of these
methods over conventional machine learning
approaches and provides an overview of the five
key sections of this research (2). Section 2 reviews
existing research on liver disease prediction
systems, identifying the limitations of current
need for

methods and underscoring the

improvements in accuracy and efficiency. This

traditional approaches (3). Section 3 delves into
aspects of our proposed
methodology, explaining the integration of the ABC
algorithm with the Random Forest model for liver
disease prediction. A detailed account of data

the technical

preparation, model training, and the experimental
setup is provided to ensure the reproducibility of
our results (4). In Section 4, we present the
experimental results, offering a thorough
evaluation of the performance metrics achieved by
the ABC algorithm and Random Forest. These
results are compared with other commonly used
machine learning techniques, emphasizing the
strengths of our approach in terms of accuracy,
precision, and computational efficiency.
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This section also includes a discussion of the
broader implications of our findings (5). Finally,
Section 5 provides a comprehensive analysis of the
strengths and limitations of the ABC algorithm and
Random Forest for liver disease prediction. We
assess their suitability for this task and explore
potential avenues for further research and
development, particularly in improving prediction
accuracy and expanding the practical applications
of these methods (6). In summary, this study
demonstrates the
learning, specifically the ABC algorithm and
Random Forest, in liver disease prediction. It also
identifies key areas for future investigation, with a
focus on enhancing predictive precision and
expanding the utility of these approaches. Liver
disease is a critical public health issue with serious
implications for the well-being of affected
individuals. Early and accurate detection is
essential to ensure effective treatment and
management. In recent years, machine learning has
emerged as a vital tool for enhancing the accuracy
and efficiency of liver disease prediction. This
literature review examines key research
conducted between 2015 and 2020 that has made
significant contributions to this field, highlighting

effectiveness of machine

the diverse methodologies and algorithms used in
these studies. The body of work reviewed here
demonstrates a broad spectrum of strategies that
have been explored for liver disease prediction,
ranging from traditional machine learning
algorithms to advanced techniques such as deep
learning, fuzzy logic, genetic algorithms, and
metaheuristic optimization methods. Researchers
have made notable progress in improving the
accuracy and efficiency of liver disease diagnosis
by applying these diverse approaches. Numerous
have shown that machine
algorithms hold considerable
predicting liver disorders. A comprehensive
evaluation of various machine learning algorithms
for liver disease prediction highlighted the

capability of these methods to analyse complex

studies learning

promise in

medical datasets (7). While these techniques have
shown significant potential, challenges persist,
particularly concerning computational
requirements and complexities in data preparation
(8). The importance of early liver disease detection
was underscored, and an ensemble learning
approach that combines multiple machine learning
methods was proposed (9). Ensemble learning
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enhances prediction accuracy but introduces
complexities in managing model diversity and the
risk of overfitting. Furthermore, the adoption of
deep learning techniques, such as Convolutional
Neural Networks (CNNs), has revolutionized liver
disease diagnosis, particularly in image-based
analysis. CNNs have shown impressive results in
extracting features from medical images,
significantly improving diagnostic accuracy in
liver-related conditions. Metaheuristic algorithms
enhance prediction performance
conventional machine learning models through
improved hyperparameter optimization, effective
feature selection, and global optimization
capabilities that escape local minima. They adapt
dynamically to new data and facilitate ensemble
learning by exploring diverse models, leading to
increased robustness. Additionally, they handle
multi-objective optimization, balancing trade-offs
effectively. In contrast to analogous research,
metaheuristic studies focus on optimization
strategies and employ nature-inspired methods,
addressing complex real-world problems more
efficiently, while conventional approaches often
emphasize straightforward model applications
without delving deeply
complexities.

over

into  optimization

Methodology

This study employs the combined strengths of
the
optimization potential of the Artificial Bee Colony
(ABC) algorithm to predict liver disease. The
process begins with the collection of a
comprehensive dataset containing medical and
demographic information from patients with liver
This
preparation, including data cleaning and encoding
of categorical variables to ensure the dataset is
suitable for machine learning models. Next, feature
selection techniques, such as Recursive Feature
Elimination (RFE), are used to identify the most
relevant features for prediction. This step reduces

Random Forest, Decision Tree, and

disease. is followed by rigorous data

the dimensionality of the dataset and enhances the
model's performance by focusing on key attributes.
Once the important features are selected, both
Decision Tree and Random Forest classifiers are
trained on the refined dataset, capitalizing on their
respective
interpretability and Random Forest’s robustness.
Additionally, it explained the optimization process
using the Artificial Bee Colony (ABC) algorithm,

strengths—Decision Tree’s
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outlining how the ABC method searches for
optimal hyperparameter values. This includes
defining the objective function used to evaluate
model performance, the criteria for stopping the
optimization process, and the metrics employed to
assess the effectiveness of  different
hyperparameter settings. Highlighting these
details will clarify how parameter tuning
influences model accuracy, sensitivity, and
specificity, thereby enhancing the overall quality
and transparency of the research findings. A crucial
step in the methodology is the application of the
ABC optimization algorithm to fine-tune the
hyperparameters of these classifiers. The ABC
algorithm, inspired by the foraging behaviours of
honeybees, optimizes the classifiers' performance
by searching for the best combination of
hyperparameters, ensuring higher accuracy and
efficiency. Finally, an ensemble model is created by

Vol 5 | Issue 4

combining the predictions of both the Decision
Tree and Random Forest classifiers. This ensemble
leverages the complementary strengths of both
models, producing a more reliable and accurate
prediction for liver disease. This study enhances
established methods by integrating metaheuristic
algorithms, specifically the Artificial Bee Colony
(ABC) optimization technique, with traditional
machine learning models like Random Forest and
Decision Tree. By optimizing hyperparameters and
feature selection through this framework, the
research improves prediction accuracy and model
robustness in liver disease detection. While it
leverages existing algorithms, the incorporation of
ABC for optimization represents a novel
application, showcasing its potential to elevate the
performance of conventional approaches in the
domain of medical diagnostics. Figure 1 represents
the Diagrammatic representation of Liver.

v

Figure 1: A Diagrammatic Representation of Liver

This section provides a detailed examination of the
liver disease dataset used to develop the prediction
model. This Table 1 includes sample patient data
and key features used for liver disease prediction.
The features listed, such as Age, Gender, Albumin,
and other liver function tests, are critical for the
feature extraction process. The final column, Liver
Disease, represents the binary classification: 1 for
liver disease-positive and 2 for liver disease-
negative cases. The dataset was sourced from the
Indian Liver Patient Dataset, which is publicly
available online. It outlines the dataset, consisting
of 583 instances and 11 attributes. It is a binary
classification dataset, with two labels: positive for
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liver disease (coded as 1) and negative for liver
disease (coded as 2). The features in the dataset
patient
parameters such as Age (in years), Gender
(Male/Female), Albumin, and other liver function
indicators, all of which are listed. Of the 583
samples, 416 correspond to patients diagnosed
with liver disease, while 167 represent patients

include demographics and clinical

without the disease. For model training and
evaluation, the dataset is split into two sets: 80%
(466 samples) are used for training, and the
remaining 20% (117 samples) are reserved for
testing the model’s performance. The performance
measures, including accuracy and sensitivity, are
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crucial for evaluating the effectiveness of the
proposed machine learning models in predicting
liver disease. However, it is essential to discuss the
biological and medical implications of these
results. For instance, a high accuracy and
sensitivity indicate that the model can effectively
identify individuals at risk of liver disease, which
can facilitate timely interventions and improve
patient outcomes. Understanding the model's

Vol 5 | Issue 4

predictive capabilities can aid clinicians in making
informed decisions about diagnosis and treatment.
Furthermore, these insights can enhance public
health strategies by identifying populations at
higher risk, leading to targeted prevention efforts
and better resource allocation
systems. Figure 2 shows the Decision tree and
Random forest method for detecting liver cancer.

in healthcare

!

R

Figure 2: Decision Tree and Random Forest Method for Detecting Liver Cancer

Artificial Bee Colony (ABC) Optimization is a
nature-inspired algorithm that mimics the foraging
behaviours of honeybees (10). The algorithm is
composed of three main components: employed
bees, onlooker bees, and scout bees. Recent
breakthroughs include the development of hybrid
algorithms that combine traditional machine
with
approaches, enhancing predictive accuracy and
computational efficiency. For instance, algorithms
like Particle Swarm Optimization (PSO) and
Genetic Algorithms (GA) are increasingly used to
optimize hyperparameters in complex models,

learning techniques metaheuristic

leading to improved performance in diagnosing
various medical conditions, including liver disease.
Additionally, the application of deep learning
techniques in conjunction with metaheuristic
algorithms has shown promise in extracting
meaningful patterns from medical imaging and
high-dimensional data, further revolutionizing
diagnostic  capabilities. = Highlighting
advancements would not only strengthen the
manuscript but also contextualize the significance
of the research within the evolving landscape of

these

medical diagnostics. Employed bees explore the
solution space, representing potential solutions,
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while onlooker bees select food sources based on
the quality or fitness of those solutions (11). Scout
bees contribute to diversity by searching for new
food sources in unexplored areas. ABC is highly
regarded for its simplicity and its ability to
efficiently navigate complex solution spaces. It has
been successfully applied across
domains, including machine learning, data mining,

numerous

and parameter tuning. In the context of liver
disease prediction, ABC plays a crucial role in
optimizing the hyperparameters of machine
learning models, thereby enhancing both
predictive  accuracy overall
performance (12). In the study, factors identified as
most relevant in predicting liver disease typically
include age, gender, Albumin levels, and various
biochemical markers such as bilirubin, alkaline

and model

phosphatase, and transaminases. These factors
align well with clinical knowledge, as they are
known indicators of liver function and disease
progression. For example, elevated levels of
transaminases often suggest liver inflammation,
while low Albumin levels can indicate liver
Additionally, age
differences are recognized in clinical settings, with
certain liver diseases showing varying prevalence

dysfunction. and gender
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and severity across different demographics. This
correspondence between the identified predictive
factors and established clinical knowledge

Table 1: Sample Dataset for Feature Extraction

Vol 5 | Issue 4

underscores the validity of the machine learning
models and their potential utility in clinical
practice.

Age Gender Albumin Bilirubin ALP ALT Total Protein Liver Disease

45 Male 3.2 1.5 85 55 6.5 1 (Positive)

50 Female 3.8 0.8 78 30 7 2 (Negative)

38 Male 41 1.2 92 40 6.9 1 (Positive)

60 Female 2.9 2.3 105 75 5.8 2 (Negative)

48 Male 3.5 1.1 88 50 6.2 1 (Positive)
Table 2: Sample Dataset Used in Feature Extraction for Classification

Total

Age Gender Bilirubin ALP Proteins Albumin GR Liver Disease

45 Male 1.5 85 6.5 3.2 1.1 1 (Positive)

50 Female 0.8 78 7 3.8 1.2 2 (Negative)

38 Male 1.2 92 6.9 4.1 1.3 1 (Positive)

60 Female 2.3 105 5.8 2.9 0.9 2 (Negative)

48 Male 1.1 88 6.2 3.5 1 1 (Positive)

Table 2 shows a sample dataset with example
values for the characteristics utilised in liver
disease categorization. Age, Total Bilirubin, Total
Proteins, and Alkaline Phosphatase are among the
important features included in the dataset. These
statistics are supplied solely for illustrative
reasons and do not represent any specific clinical
data. In practise, a large and accurate dataset
would be gathered, pre- processed, and used to
construct a liver disease classification model. The
Table 3 shows the Training and Validation data sets
used for Liver cancer Prediction. This table is a
visual assistance for demonstrating the different
sorts of characteristics and their related example
values that are significant to the classification
process.

Results and Discussion

When comparing the performance of the Random
Forest and Decision Tree algorithms, significant
trade-offs emerge. Decision Trees offer visibility
and interpretability, as they display decision rules
in a clear if-else structure, making them easy to
understand. However, they are prone to overfitting
complex data and can be sensitive to noise. On the
other hand, Random Forest, which is an ensemble
of Decision Trees, enhances both accuracy and
stability while minimizing overfitting (13). This
ensemble approach proves particularly useful
when dealing with high-dimensional, complex
(14).

interpretability

Random Forest
sacrifices it
challenging to isolate and understand individual
tree contributions. While Decision Trees are

datasets Nevertheless,

as becomes
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computationally efficient and well-suited for
simpler problems, Random Forest excels
handling complex, high-variance datasets (15). The
choice between these algorithms depends on the
balance between interpretability and predictive
performance, as well as the complexity and nature
of the dataset being analyzed. In liver disease
prediction, a critical

in

measure of a model's
performance is its accuracy, which reflects its
ability to correctly identify individuals with liver
disease (16). When comparing the accuracy of
machine learning algorithms like Random Forest
(RF), Decision Tree (DT), Support Vector Machine
(SVM), and K-Nearest Neighbors (KNN), Random
Forest often outperforms others due to its
ensemble learning technique (17). By aggregating
predictions from multiple Decision Trees, it forms
a robust model capable of capturing complex data
relationships. In numerous liver disease prediction
experiments, Random Forest has consistently
demonstrated accuracy rates ranging from the high
80s to low 90s, illustrating its effectiveness in
distinguishing between patients with and without
liver disease. Figure 4 clearly shows a comparison
of accuracy rates between Decision Tree and
Random Forest, emphasizing the improvement in
accuracy through the use of Random Forest's
ensemble approach over a single Decision Tree.
The Receiver Operating Characteristic (ROC) curve
is a vital tool for evaluating the performance of
machine learning models, particularly in medical
diagnostics like liver disease prediction (18). The
ROC curve provides a detailed view of a model’s
ability to distinguish between positive and
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negative cases. It is a key metric used to assess the
effectiveness of algorithms such as Random Forest
(RF) and Decision Tree (DT). The ROC curve plots
the true positive rate (sensitivity) against the false
positive rate (1-specificity) at different thresholds,
showcasing the model’s discrimination power at
various decision boundaries (19). This Table 3
represents the training and validation data split
typically used in machine learning, with attention
to class distribution and usage. Figure 3 illustrates

Vol 5 | Issue 4

a comparison of accuracy scores for liver disease
prediction across different models. Subfigure (a)
presents the accuracy along with P-values,
indicating the statistical significance of model
performance differences. Subfigure (b) focuses on
the accuracy of the Decision Tree (DT) model,
while subfigure (c) highlights the Random Forest
(RF) model, demonstrating superior
performance in accurately predicting liver disease
compared to the DT model.

its

Table 3: Training and Validation Data Sets Used for Liver Cancer Prediction

No. of Percentage
Dataset Instances Class Distribution Split Purpose
Positive (liver disease): 320
Training Set 466 Negative (no liver disease): 146 80% Model training
Positive (liver disease): 96
Validation Set 117 Negative (no liver disease): 21 20% Model validation
o
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Figure 3: (a) Accuracy Comparison with P-Value, (b) Comparison of Accuracy Score Using Decision Tree
(DT), (c) Comparison of Accuracy Score Using Random Forest (RF) in Liver Disease Prediction
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ROC Curves
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Figure 4: Receiver Operating Characteristic (ROC) Curve for the Decision Tree Classifier

with and without liver disease. The graph depicts
the trade-off between true positive rate
(sensitivity) and false positive rate (1-specificity)
at various decision thresholds (20).

The Receiver Operating Characteristic (ROC) curve
for the Decision Tree (DT) model in our liver
disease prediction research is shown in Figure 4.
The ROC curve is a graphical depiction of the
model's ability to discriminate between persons

ROC Curves
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Figure 5: Receiver Operating Characteristic (ROC) Curve for the Random Forest Classifier

Figure 5 depicts the ROC curve for our liver disease
prediction study's Random Forest (RF) model,
which is a robust ensemble learning technique. The
ROC curve effectively illustrates each model's
ability to distinguish between cases with and
without liver disease across various classification
thresholds. the
Confusion Matrix serves as an essential tool for

In liver disease prediction,
assessing the performance of machine learning
models like Random Forest (RF) and Decision Tree
(DT). It provides a detailed breakdown of model
predictions,
accurately these algorithms classify individuals as

allowing an evaluation of how
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either positive or negative for liver disease. Key
metrics such as True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives (FN)
can be derived from the Confusion Matrix, enabling
the calculation of critical performance measures
like Sensitivity (True Positive Rate), Specificity
(True Negative Rate), Precision, and F1-Score.Our
analysis into the
effectiveness of RF and DT in liver disease
prediction (21). For instance, the Random Forest
Confusion = Matrix  highlights its  strong
performance, showing a Sensitivity of 88%,
indicating that it correctly identifies 88% of

reveals valuable insights
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individuals with liver disease. Furthermore, it
achieves a Specificity of 93%, accurately classifying
93% of those without the disease (22). This
combination of high Sensitivity and Specificity
underscores the model's ability to differentiate
between positive and negative cases effectively. In
contrast, the Decision Tree model demonstrates
solid, though slightly lower, performance (23).
With a Sensitivity of 85%, it correctly detects 85%
of liver disease cases, while achieving a Specificity
of 87%, accurately diagnosing 87% of non-disease
cases. Although these results are commendable,
they fall short when compared to Random Forest.

Vol 5 | Issue 4

Overall, our proposed RF and DT ensemble models
consistently outperform standalone Decision
Trees, yielding superior Sensitivity and Specificity
scores (24). This suggests that our ensemble
approach enhances the models' ability to
accurately detect liver disease, minimizing false
positives and false negatives. In conclusion, the
Confusion  Matrix analysis validates the
effectiveness of our proposed Random Forest and
Decision Tree models in liver disease prediction,
establishing them as valuable tools in clinical
settings for reliably identifying liver disease cases

(25).
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Figure 6: Confusion Matrix Liver Disease Prediction Using DT Classifier
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Figure 7: Confusion Matrix Liver Disease Prediction Using RF Classifier
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Figure 6 and Figure 7 depicts the Confusion Matrix
used in our work to predict liver disease using the
Decision Tree (DT) classifier and Random forest
classifier. The Confusion Matrix provides a
comprehensive evaluation of the model's ability to
classify individuals into two categories: those with
liver disease and those without. It measures four
key components: True Positives (TP), True
Negatives (TN), False Positives (FP), and False
Negatives (FN). In our Decision Tree (DT) model,
the system effectively identifies a significant
portion of liver disease patients, demonstrating a
high True Positive rate. Additionally, it maintains a
commendable True Negative rate, signifying its
accuracy in correctly identifying individuals who
do not have liver disease (26).

Conclusion

In conclusion, this study concentrated on the
development and assessment of machine learning
models—specifically Random Forest (RF) and
Decision Tree (DT)—for predicting liver disease.
We performed a detailed analysis of these
algorithms using key performance indicators such
as accuracy, the Receiver Operating Characteristic
(ROC) curve, and the Confusion Matrix. Our results
highlight the effectiveness of both RF and DT in
predicting liver disease.

The Random Forest, due to its ensemble learning
approach, consistently demonstrated superior
performance across accuracy, ROC curve analysis,
and Confusion Matrix metrics compared to the
Decision Tree. It achieved higher Sensitivity and
Specificity, reflecting its ability to more accurately
detect liver disease cases while reducing false
positives and false negatives. Furthermore, the
ROC curve analysis showed that both RF and DT
models,
outperformed individual models, as reflected in
their higher AUC (Area Under the Curve) values,
indicating better discriminative power. These
findings suggest that the ensemble method, which

particularly when combined,

leverages the strengths of both RF and DT, offers a
highly robust and accurate solution for liver
disease prediction. The impressive performance of
these models suggests strong potential for clinical
providing healthcare professionals with
effective tools for the early detection and

use,

intervention of liver disease.
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Acknowledgement
Nil.

Author contributions

All authors contributed equally to the study
conception and design.

Conflict of interest

The authors declare that they have no competing
interests.

Ethics approval
Not applicable.

Funding
No funding received by any government or private
concern.

References

1. Wange NK, Khan [, Pinnamaneni R, Cheekati H,
Prasad ], Vidhya RG. B-amyloid deposition-based
research on neurodegenerative disease and their
relationship in elucidate the clear molecular
mechanism. Multidisciplinary Science Journal.
2024;6(4):2024045.

Mannanuddin K, Vimal VR, Srinivas A, Uma
Mageswari SD, Mahendran G, Ramya ], Kumar A, Das
P, Vidhya RG. Enhancing medical image analysis: A
fusion of fully connected neural network classifier
with CNN-VIT for improved retinal disease detection.
Journal of Intelligent & Fuzzy Systems. 2023
Dec(Preprint):1-6.

Vidhya R, Banavath D, Kayalvili S, Naidu SM, Prabu
VC, Sugumar D, Hemalatha R, Vimal S, Vidhya RG.
Alzheimer’s disease detection using residual neural
network with LSTM hybrid deep learning models.
Journal of Intelligent & Fuzzy Systems. 2023
Dec(Preprint):1-5.

Mohanaprakash TA, Kulandaivel M, Rosaline S,
Reddy PN, Bhukya SN, Jogekar RN, Vidhya RG.
Detection of brain cancer through enhanced Particle
Swarm Optimization in Artificial Intelligence
approach. Journal of Advanced Research in Applied
Sciences and Engineering Technology.
2023;33(2):174-86.

Anitha C, Tellur A, Rao KB, Kumbhar V, Gopi T, et al.
Enhancing Cyber-Physical Systems Dependability
through Integrated CPS-1oT Monitoring.
International Research Journal of Multidisciplinary
Scope. 2024;5(2):706-713.

Vidhya RG, Surendiran ], Saritha G. Machine learning
based approach to predict the position of robot and
its application. In 2022 International Conference on
Computer, Power and Communications (ICCPC).
IEEE. 2022:506-511.



Gupta et al,

10.

11.

12.

13.

14

15.

16.

17.

Sivanagireddy K, Yerram S, Kowsalya SS, Sivasankari
SS, Surendiran ], Vidhya RG. Early lung cancer
prediction using correlation and regression. In 2022
International Conference on Computer, Power and
Communications (ICCPC). IEEE. 2022:24-28.

Vidhya RG, Seetha ], Ramadass S, Dilipkumar S,
Sundaram A, Saritha G. An efficient algorithm to
classify the mitotic cell using ant colony algorithm. In
2022 International Conference on Computer, Power
and Communications (ICCPC). IEEE.2022:512-517.
Sengeni D, Muthuraman A, Vurukonda N, Priyanka G,
Suram P, Vidhya RG. A switching event-triggered
approach to proportional integral synchronization
control for complex dynamical networks. In 2022
International Conference on Edge Computing and
Applications (ICECAA). IEEE. 2022:891- 894.

Vidhya RG, Rani BK, Singh K, Kalpanadevi D, Patra JP,
Srinivas TA. An effective evaluation of SONARS using
arduino and display on processing IDE. In 2022
International Conference on Computer, Power and
Communications (ICCPC). IEEE. 2022:500- 505.
Joseph JA, Kumar KK, Veerraju N, Ramadass S,
Narayanan S, Vidhya RG. Artificial intelligence
method for detecting brain cancer using advanced
intelligent algorithms. In2023 4th International
Conference on Electronics and Sustainable
Communication Systems (ICESC). IEEE. 2023:1482-
1487.

Surendiran ], Kumar KD, Sathiya T, Sivasankari SS,
Vidhya RG, Balaji N. Prediction of lung cancer at early
stage using correlation analysis and regression
modelling. In 2022 Fourth International Conference
on Cognitive Computing and Information Processing
(CCIP). IEEE. 2022:1-6.

Goud DS, Varghese V, Umare KB, Surendiran ], Vidhya
RG, Sathish K. Internet of Things-based
infrastructure for the accelerated charging of electric
vehicles. In 2022 International Conference on
Computer, Power and Communications (ICCPC).
IEEE. 2022:1-6.

. Vidhya RG, Singh K, Paul PJ], Srinivas TA, Patra JP,

Sagar KD. Smart design and implementation of self-
adjusting robot using arduino. In 2022 International
Conference on Augmented Intelligence and
Sustainable Systems (ICAISS). IEEE. 2022:01-06.
Maheswari BU, Kirubakaran S, Saravanan P,
Jeyalaxmi M, Ramesh A, Vidhya RG. Implementation
and Prediction of Accurate Data Forecasting
Detection with Different Approaches. In 2023 4th
International Conference on Smart Electronics and
Communication (ICOSEC). IEEE. 2023:891-897.
Vallathan G, Yanamadni VR, Vidhya RG, Ravuri A,
Ambhika C, Sasank VV. An analysis and study of brain
cancer with RNN algorithm based Al technique. In
2023 7th International Conference on I-SMAC (IoT in
Social, Mobile, Analytics and Cloud)(I-SMAC).
IEEE:637-642.

Vidhya RG, Bhoopathy V, Kamal MS, Shukla AK,
Gururaj T, Thulasimani T. Smart design and

660

18.

19.

20.

21.

22.

23.

24.

25.

26.

Vol 5 | Issue 4

implementation of home automation system using
WIFL. In 2022 International Conference on
Augmented Intelligence and Sustainable Systems
(ICAISS). IEEE. 2022:1203-1208.

Balasubramaniyan S, Kumar PK, Vaigundamoorthi M,
Rahuman AK, Solaimalai G, Sathish T, Vidhya RG.
Deep Learning Method to Analyze the Bi-LSTM
Model for Energy Consumption Forecasting in Smart
Cities. In 2023 International Conference on
Sustainable =~ Communication = Networks  and
Application (ICSCNA). IEEE. 2023:870-876.
Kushwaha S, Boga ], Rao BS, Taqui SN, Vidhya RG,
Surendiran ]. Machine Learning Method for the
Diagnosis of Retinal Diseases using Convolutional
Neural Network. In 2023 International Conference
on Data Science, Agents & Artificial Intelligence
(ICDSAAI). IEEE. 2023:1-6.

Mayuranathan M, Akilandasowmya G, Jayaram B,
Velrani KS, Kumar M], Vidhya RG. Artificial Intelligent
based Models for Event Extraction using Customer
Support Applications. In 2023 Second International
Conference on Augmented Intelligence and
Sustainable Systems (ICAISS). IEEE. 2023:167-172.
Sheik Faritha Begum S, Suresh Anand M, Pramila PV,
Indra J, Samson Isaac ], Alagappan C, Gopala Gupta
AS, Srivastava S, Vidhya RG. Optimized machine
learning algorithm for thyroid tumour type
classification: A hybrid approach Random Forest,
and intelligent optimization algorithms. Journal of
Intelligent & Fuzzy Systems. (Preprint):1-2.

Gold ], Maheswari K, Reddy PN, Rajan TS, Kumar SS,
Vidhya RG. An Optimized Centric Method to Analyze
the Seeds with Five Stages Technique to enhance the
Quality. In 2023 Second International Conference on
Augmented Intelligence and Sustainable Systems
(ICAISS). IEEE. 2023:837-842.

Anand L, Maurya M, Seetha ], Nagaraju D, Ravuri A,
Vidhya RG. An intelligent approach to segment the
liver cancer using Machine Learning Method. In 2023
4th International Conference on Electronics and
Sustainable Communication Systems (ICESC). IEEE.
2023:1488-1493.

Raja V], Dhanamalar M, Solaimalai G, Rani DL, Deepa
P, Vidhya RG. Machine Learning Revolutionizing
Performance Evaluation: Recent Developments and
Breakthroughs. In 2024 2nd International
Conference on Sustainable Computing and Smart
Systems (ICSCSS).IEEE. 2024:780-785.

Babu BH, Kumar [, Singh MK, Sarojwal A, Vidhya RG.
Propelling the Future: Advanced Electric Propulsion
Systems for Unmanned Aerial Vehicles. In 2024 2nd
International Conference on Sustainable Computing
and Smart Systems (ICSCSS). IEEE. 2024:5-9.
Al-Shehari T, Kadrie M, Alfakih T, Alsalman H,
Kuntavai T, Vidhya RG, Dhanamjayulu C, Shukla §,
Khan B. Blockchain with secure data transactions
and energy trading model over the internet of
electric vehicles. Scientific Reports.
2024;14(1):19208.



