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EDITORIAL

The current issue of i-mnanager's Journal on Data Science & Big Data Analytics (JDS), (December 2024: Volume 2
Issue 2) has five peer-reviewed papers that presents some interesting research on Data Science and Big Dafa Analyfics.

Ekundayo ef al. explores a breast cancer diagnosis model leveraging multiple architectures of Convolutional
Neural Networks (CNNs). The rise of arfificial intelligence and machine learning, particularly CNNs, offers significant
potential for addressing the challenge of early breast cancer detection. This study aims to identify the CNN architecture
that delivers optimal performance in ferms of accuracy, F1 score, and Cohen Kappa score. The evaluation focuses on
Custom Optimized CNN, ResNet, and EfficientNet architectures, with ResNet demonstrating superior performance
across all five evaluated metrics.

Goldie and Chithra explore the influence of Al on cybershoppers in Kanniyakumari District, Tamil Nadu, India. This
study collected primary data using a convenience sampling method with a sample size of 200 participants. Age
emerged as a significant factor, highlighting distinct preferences and comfort levels with Al technologies between
younger and older consumers. Among Al-based online shopping platforms, Amazon was the most popular, while
Indiamart saw the least usage. This sfudy underscores the importance of demographic factors in shaping customer
preferences and engagement with online shopping platforms.

Likita ef al. infroduce an advanced inferactive visualization system designed for analyzing data within a
supermarket environment, An infelligent model was developed using linear regression, LASSO regression, and XGBoost,
outperforming traditional models. This study incorporates data pre-processing, feature engineering, and algorithmic
improvements to provide insights info customer behavior, sales frends, and inventory management efficiency. This study
seeks to enhance decision-making in inventory management, marketing strategies, and sales forecasting by leveraging
darfa-driven insights fo improve the efficiency and effectiveness of supermarket operations.

Mahiba and Jesintha investigate the most preferred Al investing apps for investrment management and assess
investor awareness of Al-driven investment strategies. The study involved 120 investors from Kanniyakumari District,
selected using the convenience sampling method. Both primary and secondary dafa were collected, and SPSS tools
were utilized for data analysis. This study highlights Al's fransformative impact on investment management, improving
decision-making, optimizing portfolios, and delivering personalized strategies. This ulfimately fosters more efficient and
effective investment outcomes in foday's complex financial landscape.

Nallusamy et al. present a novel lightweight fire detection approach utilizing Deep Convolutional Neural
Networks (DCNN) with a focus on temporal aspects fo enhance accuracy. The study aims fo advance forest fire
detection, addressing the destructive impact of wildfires on ecosysterns and communities. Unlike fraditional methods
that rely on handcrafted features such as color, motion, and texture, which struggle with accuracy, this study offers a
significant improvement. By leveraging DCNN, it provides a promising solution fo the ongoing challenge of timely and
reliable forest fire detection.

We thank the authors for their research work, and reviewers for their time in reviewing the papers. Our special
thanks are due fo the Editor-in-Chief Dr. R, A. Thakur for his support in enhancing the quality of the Journal.

Hope this issue imparts an enlightening reading experience! Enjoy Reading!
Warm regards,
Sahaya NijubasS.

Associate Editfor
i-manager Publications



RESEARCH PAPERS

BREAST CANCER DIAGNOSIS MODEL BASED ON
CONVOLUTIONAL NEURAL NETWORKS'
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ABSTRACT

Date Accepted: 11/07/2024

In 2020, the World Health Organization (WHO) estimated that 2.3 million women worldwide were diagnosed with breast
cancer, which resulted in 685,000 deaths. According to the projections, the number of women who have been
diagnosed with breast cancer over the last five years before and by the end of 2020 was expected to reach 7.8 million,
making it the most common type of cancer worldwide. Early diagnosis could prevent the ailment, however, lack of
availability of health facilities and the cost of accessing freatment, especially in developing nations, are among the
challenges confronting the solution. With the advent of artificial intelligence and machine learning models, specifically
Convolutional Neural Networks (CNNs), considering their multiple architectures is highly promising fo address the
challenge of early diagnosis. Therefore, this study aims to propose an architecture of CNNs that gives the best accuracy,
F1 score, and Cohen Kappa score among the Custom Optimized CNN, ResNet, and EfficientNet architectures. From the
results, ResNet's performance across the five metrics outweighs the other two architectures. While ResNet reported an
accuracy, precision, and F1 score of 0.9987, 0.9934, and 0.9950, respectively, EfficientNet, which has the second
performance, reported 0.9977, 0.9914, and 0.9939 as accuracy, precision, and F1 score, respectively. Therefore, the
best-performing architecture can be deployed for other available breast cancer dafasets in order fo ensure its fotal
efficiency.

Keywords: Breast Cancer Diagnosis Model, Early Diagnosis, Custorn Optimized CNN, ResNet, EfficientNet, Mulfiple
Architectures, Artificial Infelligence, Machine Learning Models.

INTRODUCTION

The World Health Organization (WHO) estimates that 2.3
million women globally were diagnosed with breast
cancerin 2020, leading to 685,000 deaths. By the end of
2020, the total number of women diagnosed with breast
cancer will have reached 7.8 million, making it the most

Y
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This paper has objectives related fo SDGs

Member of:

prevalent cancer worldwide (Samee et al., 2022). The
primary cause of cancer-related mortality for women is
breast cancer, which accounted for 11.6%. GLOBOCAN
reported that over six hundred and twenty-five thousand
people died from breast cancer in 2018, out of 2.09
million new cases that were identified. This disease, which
causes cells fo grow abnormally, affects women
worldwide. It can start in the lobules, which are the milk-
producing glands; the ducts, which are the tubes that
carry milk to the connective tissue, which is the fatty and
fibrous fissue that surrounds and holds everything together
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(Abdelli et al.,, 2020). Approximately 23% of all
malignancies in women worldwide are breast cancers,
making them the most frequent cancer among women.
In the West, between one in eight and nine women will
develop breast cancer at some point in their lifetime
(Yurttakal et al., 2020). Breast cancer is ranked second
worldwide in terms of cancer-related deaths among
women and is the most diagnosed malignancy (Xie et al.,
2020). Breast canceris classified according to the growth,
size, and stage of the tumor cell. Bowel and malignant
tumors are the two main types of breast cancer, the
former are nonspreading fumors, while the latter are more
invasive, life-threatening, and complex than benign
fumors (Shivhare & Saxena, 2021). Early diagnosis with
immediate precautions and freatments can avert the
potential danger associated with the ailment. However,
due to the high cost of accessing medical facilities and
the unavailability of these facilities, it is difficult for early
diagnosis. With the advancement in technology, some
tfop-notch techniques of artificial intelligence (Al) are
promising to provide alternative, cheaper, and more
accessible facilities for early diagnosis. In this
development, soft computing and machine learning (ML)
techniques are the foundation of computer-aided
intelligent and expert diagnostic systems, which are
indispensable (critical) instruments for assessing and
forecasting breast cancer and can support oncologists
(medical professionals) in their decision-making
(Vijayakumaretal., 2021).

Furthermore, Deep Learning (DL) models are a class of
machine leamning techniques that delegate feature
extraction and classification to the machine. The DL
models have demonstrated outstanding performance in
picture classification, even though the feature extracted
can be applied to other applications (Oyelade & Ezugwu,
2021). Examples of these models included DL+ Transfer
Learning (TL), DL GoogleNet+VGG, DL+TL, and the
proposed DCNN (Raza et al., 2023). In medical imaging,
Convolutional Neural Networks (CNNs) have improved
tfumor detection and classification efficiency over
classical methods (Houssein et al., 2022). CNN maintains
the spatial integrity of mammograms, including the way

pixels are connected to generate unique features,
despite fraining difficulties brought on by a dearth of
labeled images (Mahmood et al., 2022). Therefore, the
goal of this study is fo determine the best architecture for
precise breast cancer diagnosis by evaluating the
performance of these several CNN models, which
include EfficientNet, ResNet, and the Custom Optimized
CNN. The findings of this study have the potential to further
the field of medical image analysis and support the
current breast cancerresearch endeavor.

1. Related Works

Das et al. (2023) evaluated and compared the
effectiveness of pre-tfrained deep convolutional neural
network designs frained on mammography images with
the suggested shallow convolutional neural network
architecture with varying specifications. The inifial
aftempt in the study to do the automatic identification of
BC involves preprocessing of mammogram images. The
final data is then fed into three distinct kinds of shallow
convolutional neural networks with representational
differences. In the second method, pre-trained
convolutional neural networks VGG19, ResNetb0,
MobileNet-v2, Inceptionv3, Xception, and Inception-
ResNet-v2 are fed the same collection of images through
fransfer learning via fine tuning. The accuracy for the CBIS-
DDSM and INbreast datasets in the experiment with two
datasets is 80.4%. 89.2%, and 87.8%, 95.1%.
respectively. Khan et al. (2021) constructed a Deep
Convolutional Neural Network (CNN) in order to segment
and categorize the kinds of breast abnormalities,
including calcifications, masses, asymmetry, and
carcinomas. The pre-trained model ResNet50 was used
to do transfer learning on the dataset. The study created
an improved deep leaming model where leaming rate is
regarded as one of the key factors in neural network
fraining. In the suggested approach, the learning rate is
adaptively set according to changes in error curves
during the learning process. The suggested deep leamning
model has classified these four categories of
abnormalities, such as masses, calcifications,
carcinomas, and asymmetry, such as mammograms,
with an 88% accuracy.
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Computer-assisted methods based on deep learning
can analyze even minor pathologies in detail, which
could advance ftreatment for a comprehensive
evaluation. Altan (2020) proposed a CNN-based DL
model that sought to improve the DL models' ability to
learn for an operational breast cancer diagnosis while
also evaluating the suitability of several feature-learning
models. In orderto assess the classification perforrnances
in accordance with different CNN designs, the
mammograms were fed into the DL. High classification
performance rates of 92.84%, 95.30%., and 96.72% were
attained by the suggested Deep model in terms of
accuracy, sensitivity, specificity, and precision,
respectively.

Xie et al. (2020) suggested an automated mulfi-scale
end-to-end deep neural network model for
mammogram classification, which only requires
mammogram images and class labels (without ROI
annotations). The suggested model produced three
feature map scales that enable the classifier to combine
global information with local lesions for classification.
Additionally, the images processed have a lower
percentage of non-breast pixels and preserve as much
information about small lesions as possible, which helps
the model to concentrate on the small lesions. Based on
the features of mammography images, the BRS module is
suggested to preprocess the raw mammaogram images.
The INbreast dataset is used to verify the performance of
our method. The proposed model works better when
compared to other cutting-edge mammography
classification algorithms. Additionally, networks with fewer
parameters that can achieve equivalent performance
and save 60% of the computational resources are
deployed with the multi-scale technique.
Mammography is a useful tool for diagnosing breast
cancer. However, the accuracy of the results is primarily
dependent on radiologists' clinical backgrounds. Zhang
et al. (2020) used a convolutional neural network to do a
two-stage classification (normal/ abnormal and benign/
malignancy) of fwo-view mammograms. In order fo
classify mammograms from two viewpoints, the study
built a multi-view feature fusion network model.

Additionally, it suggested using a multi-scale attention
DenseNet as the main network for feature extraction. To
extract the features of two mammograms taken from
different angles, the model has two independent
branches. The construction of the multi-scale convolution
module and attention module is the main goal of this
study. The model performed well in both classification
tasks, according to the final experimental data. The
suggested approach was assessed using the DDSM
database. The classification of normal and abnormal
mammograms has accuracy, sensitivity, and AUC values
of 94.92%, 96.52%, and 94.72%, respectively.
Additionally, the classification of benign and malignant
mammography had accuracy, sensitivity, and AUC
values of 95.24%, 96.11%, and 95.03%, respectively.

Yektaei et al. (2019) aimed at diagnosing breast cancer
using multiscale CNN. A Multiscale Convolutional Neural
Network (MCNN) method is presented for the
classification of tumors. Based on the MCNN architecture,
which feeds many deep CNNs with varying sizes and
resolutions of mammography pictures, the traditional
phase of manually crafting feature extraction is omitted.
The website has labeled images, a total of 1024 samples
from 322 people, including those with benign and
aggressive breast cancer, were labeled in this study. In this
dataset, 322 samples of cancer patients' profiles were
gathered in 1994. The suggested method allows for a
safer computer-aided diagnosis of pleural cancer since it
has higher classification rates than the traditional state-of-
the-art tfechniques. Using the multiscale convolution
methodology, the study achieved a diagnosis accuracy
of 97%, revealing the effective suggested method.

Tasnim et al. (2021) classified breast cancerimages using
multiple convolutional neural network architectures. To
handle breast cell imaging data, convolutional neural
network (CNN) models are developed. Xception,
GoogleNet, VGG19, InceptionV3, and AlexNet models
are employed in the categorization of cells that are either
non-invasive ductal carcinoma (Non-IDC) or invasive
ductal carcinoma (IDC). The learning rate is recorded by
testing and training the models at various epochs. The
study showed that accuracy rises and data 10ss
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decreases with increasing epochs. InceptionvV3d and
Xception have accuracy rates of 92.48% and 90.72%,
respectively. Similar to this, the accuracy of VGG19 and
AlexNet is 94.83% and 96.74%, respectively. With an
accuracy of 97.80%, GoogleNet outperforms the other
developed models, nonetheless. The GoogleNet model
detects the IDC cells that cause breast cancer with a high
degree of accuracy and precision.

Samala et al. (2018) aimed at developing a deep
Convolutional Neural Network (CNN) with a multistage
fransfer learning strategy that uses information from
related auxiliary domains for infermediate-stage fine-
funing in order to distinguish between benign and
malignant masses in Digital Breast Tomosynthesis (DBT).
Data on breast imaging from DBT, Digital Mammography
(DM), and digitized Screen-Film Mammography (SFM)
were obtained, resulting in 4,039 distinct ROIs, 2,242
benign, and 1,797 malignant. By adjusting the degree to
which the convolutional layers were frozen, the optimal
fransfer network was chosen through cross-validation
among six transfer networks. CNN knowledge that had
been trained on ImageNet data was immediately refined
using DBT data in a one-stage transfer learmning method.
Using a multi-stage transfer learning approach, the DBT
data was used to fine-tune acquired information from
ImageNet with mammography data. Forthe second step
of fransfer learning, the effectiveness of freezing the entire
CNN stfructure versus the first convolutional layer was
evaluated between two transfer networks. It was
investigated how the size of the fraining sample affected
the classification performance for different transfer
leamning and fine-tuning strategies by changing the
fraining data from 1% to 100% of the sets that were
available. A performance metric that was employed was
the area under the receiver operating characteristic
curve (AUC). For single-stage transfer learning, the view-
based AUC on the test set was 0.85_0.05; for multi-stage
learning, itimproved significantly (p<0.05)t0 0.91_0.03.

The diagnosis of Architectural Distortion (AD) in
mammograms is difficult because of its tiny size and
subtle, variable asymmetry on the breast mass.
Nonetheless, Rehman et al. (2021) predicted breast

cancer from digital mammograms, an automated
computer-aided diagnosis approach based on
architectural distortion utilizing computer vision and deep
learmning was developed. Four phases are included in the
proposed mammography classification framework:
picture preprocessing, image augmentation, and image
pixel-wise segmentation. To categorize AD's ROIs into
benign and malignant groups, mMachine learning
networks, deep learning, and architectural distortion ROI
detfection are used. Using computer vision and depth-
wise 2D V-net 64 convolutional neural networks, the
suggested method has been assessed on three
databases: the PINUM, the CBIS-DDSM, and the DDSM
mammography images. Accuracy values of 0.95, 0.97,
and 0.98 were obtained, respectively. According to
experimental results, the suggested approach
performed better than ShuffelNet, MobileNet, SVM, K-NN,
and RF. To reduce the overhead of manual analysis,
Ereken and Tarhan (2020) introduced Convolutional
Neural Networks (CNNs) for breast mass identification. The
Region of Interest (ROI) and Region Proposal Network (RPN)
sections of the faster R-CNN are modified for the
automatic identification of breast mass abnormalities in
the CNN architecture, which is intended for the feature
extraction stage. The algorithm distinguished between
benign and malignant abnormalities in Mammography
(MG) pictures based on the detection of mass regions.
MG pictures from various local hospitals were gathered for
the suggested model. The images underwent various
preprocessing processes, including bilateral, median,
and gaussian filters, to remove the breast region from the
MG image's background. The model's performance on
the test dataset is determined to be 91.86% for detection
accuracy, 94.67 % for sensitivity, and 92.2% for AUC-ROC.

Breast cancer patients' chances of survival can be
significantly increased by early identification. Niu et al.
(2021) primarily used the convolutional neural network
method to distinguish between benign and malignant
breast tumors in mammography. To extract the features of
global and local image patches, the study used densely
connected networks and multfi-scale residual networks as
the backbone networks. Second, the study optimized the
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two feature extraction networks using the Convolutional
Block Aftention Module (CBAM) aftention module to
increase the network's feature expression capability. In
order to classify benign and malignant breast masses, the
study finally merged the features of multi-scale picture
patches. In the DDSM database, the accuracy, sensitivity,
AUC value, and corresponding standard deviation of the
method are 0.9626+0.0110, 0.9719+0.0126, and
0.9576+0.0064, respectively. Compared with the
commonly used ResNet (AUC=0.8823+0.0112) and
DenseNet (AUC= 0.9141= 0.0085), the performance of
the method hasimproved.

Many efforts have been made in the form of screening
programs for prevention, as breast cancer remains one of
the top causes of death for women. In addition to
classifying breast cancers as benign or malignant, Nawaz
et al. (2018) predicted which subclasses of tumors, such
as lobular carcinoma and fibroadenoma, would arise.
When compared to state-of-the-art models,
experimental results on histopathology images using the
BreakHis dataset demonstrate that the DenseNet CNN
model obtained high processing performances with
95.4% percent accuracy in the multi-class breast cancer
classification test. One crucial step towards diagnosis and
freatment follow-up in medical imaging is the
segmentation of breast tumors. Radiologists can lessen
the heavy manual workload associated with breast
cancer analysis by automating this difficult operation.
However, by creating two fully Convolutional Neural
Networks (CNN) based on SegNet and U-Net, El Adoui et
al. (2019) suggested two deep learning techniques to
automate breast tumor segmentation in  Dynamic
Contrast-Enhanced Magnetic Resonance Imaging (DCE-
MRI). In this study, models were trained and validated on a
dataset of 86 DCE-MRIs of 43 patients with local
advanced breast cancer, obtained both before and
after two cycles of chemotherapy. A total of 5452 slices
were used in the study. A high-performance architecture
made of graphic processing units was employed in order
to shorten the training period. On 85% and 15% of the
data, respectively, the model was trained and verified.
SegNet produced a mean intersection over union (loU) of

68.88, while U-Net produced anloU of 76.14%.

In order to improve the automatic detection of breast
cancer, Alanazi et al. (2021) proposed a Convolutional
Neural Network (CNN) method in the study. The method
analyzed hostile ductal carcinoma tissue zones in Whole-
Slide Images (WSIs). The suggested system uses different
CNN architectures to automatically detect breast
cancer. Three (LR, KNN, and SVM) machine learning
models were used in the study. The dataset used in the
study was obtained from Kaggle 162 H&E. The data set
consists of both benign and malignant images. A large
collection of around 275,000 RGB image patches
measuring 50 by 50 pixels served as the basis for all
architectures. Quantitative results underwent validation
testing ufilizing each methodology's performance
metrics. The suggested method is proven to be effective,
yielding outcomes with 87% accuracy, which may lessen
human error throughout the diagnosing procedure. Apart
from helping to advance several domains like drug
development, time-series modeling, and optimization
techniques, deep learning algorithms have produced
outstanding outcomes in medical diagnosis and picture
analysis. Burcak et al. (2021) suggested a deep
convolution neural network model. The model computes
the initial weight of the network and updates the model
parameters for quicker backpropagation learning using a
variety of methods, including stochastic gradient
descent, Nesterov accelerated gradient, adaptive
gradient, RMSprop, AdaDelta, and Adam. The study
employed a parallel computing architecture with a
graphics processing unit that was Cuda-enabled in order
to frain the model quickly and with less hardware. The
outcomes showed that the deep convolutional neural
network model performs well in classification, reaching an
accuracy score of 99.05%.

2. Proposed Methodology

The proposed methodology evaluates and assesses the
performance of the architectures based on the available
dataset, which is derived from the MIAS Mammography
Dataset obtained from the Kaggle repository and
contains 322 high-resolution mammographic images
fromm approximately 161 patients. Figure 1 shows an
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overview of the proposed diagnostic model within a
conceptual framework. A comprehensive design and
implementation guide supports decisions related fo
hardware, software, and network infrastructure. The
guiding principles, patterns, and connections in the high-
level design ensure scalability, maintainability, reliability,
and performance of the components.

A well-coordinated flow through numerous
interconnected elements creates an efficient breast
cancer diagnosis model in the proposed model's
framework as shown in Figure 1. The design identifies
various components and the interaction among these
components, such as the user, the Data Treatment panel
the Feature Engineering panel and the Model Training

—>
—

Leading...

panel. The functions of each design element are clearly
stated as:

o The 'user" interacting with the system, initiates the
acquisition of data from the MIAS dataset available
on "Kaggle." This is the first step toward executing
further activities in this architecture.

o The data is processed through the "Data Treatment
Panel," a sophisticated function that ensures all
obtained data complies with quality requirements
and is still relevant. A number of steps are involved in
the process, such as "Data Cleaning," which fixes
errors or inaccuracies, "Data Normalization," which
stfreamlines inputs into uniform units for processing,
and, finally, "Data Augmentation," which increases
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Figure 1. Conceptual Framework of the Breast Cancer Diagnosis Model
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diversity by increasing dataset size with the goal of
strengthening the model.

e Following the first round of data processing, the
information is then sent to the "Feature Engineering
Panel." Relevant information is extracted using a
variety of methods, including 'Text and Label
Extraction," which parses textual material. Important
features from the input dataset are also found
through a process called "Feature Extraction." In
addition, there is a stage called "Data Split," where
datasetfs are divided into tfraining, validation, and
festing sefs.

e The journey reaches the "CNN Models Panel," which
has three distinct Convolutional Neural Network (CNN)
models: an arbitrary CNN, ResNet, and EfficientNet.
Each model's architecture is defined prior to training
commencing in the "Model Training Panel."

e In addition to providing metrics that monitor the
models' development and performance, the tfraining
dataset teaches the models in the "Model Training
Panel." This phase is divided into three parts: "Models
Training," which gets the model ready for tasks ahead,
"Models Metrics Visualization," which assesses the
model's effectiveness, and "Models Evaluation,"
which looks at the trained model using a different set
to evaluate it. The final step compares the results of
ResNet, EfficientNet, and custom-optimized CNN.

e The"Validation and Reporting" phase is critical since it
entails validating the selected model to guarantee its
dependability and efficacy in practical settings. This
stage makes sure that performance is carefully
assessed before measurements, findings, and
insights are shared with users. The ultimate objective is
to provide a comprehensive understanding of the
competency capacities of the models for breast
cancerdiagnosisthat arein use.

Figure 2 shows the flow of information from input sources

through several processing steps to produce the final.

The data flow diagram of the proposed model, as shown

in Figure 2, starts with data source identification, using the

MIAS mammography dataset as the primary resource.

|| Identify data sources

Collect Raw data

v

Cleanse and filter data

N

Normalize and
transform data

S

Split data into training
and test sets

S R

Augment Data for
model Robustnes

Data Preprocessing

za Feed Data into
Model

Figure 2. Data Flow Diagram for the Proposed Model

S —

Then, raw data (a collection of mammography images) is
obtained, and the data preprocessing stage entails
multiple complex steps targeted at improving the
dataset. These complex phases include the removal of
noise by filtering and cleaning, normalization of pixel
values, scaling fo ensure consistency, and data
separation to separate training and tfest sets. Image
rotation is one of the approaches used to improve
dataset variety, which strengthens the resilience of the
model. The last phase involves feeding carefully
preprocessed and enhanced data into several CNN
designs, including ResNet, a specially designed model,
and EfficientNet. The refined features taken from the
preprocessed images in the fraining dataset are used to
frain each architecture. By following a methodical
procedure, the model gets exposed to a large and
consistent dataset, which improves its ability o diagnose
breast cancer. The emphasis on data preprocessing not
only smooths the input data but also places the model in
a way that maximizes performance in a variety of
circumstances. Table 1 shows the algorithmic framework
forthe proposed multiple CNN architectures.

The algorithm for creating the breast cancer diagnosis
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Algorithm for the Breast Cancer Diagnosis Model using Multiple CNN
Architectures

Input: MIAS Mammography Dataset

Oufput: Breast Cancer Diagnosis Model

Parameters: MIAS mammography dataset (1), the image data (i), ResNet
model (1), Custom Optimized Model (c), EfficientNet model (e), data
augmentation (da), fraining (tg). validation (vn), testing sets (1s), fraining
progress (ip)., accuracy (a), precision (p), recall (1), F1-score (Fs), breast
cancer diagnosis model (bcdm), evaluation metrics (em), best-performing
model (bfm).

Procedure:

Input t

Preprocess t by resizing |

Apply da by rotating 1.

Splitiinto tg, vn, and ts.

Assign labels to i, 0 for benign, 1 for malignant.

Choose :r,cand e

Define the architecture of r, c and e

Train r, ¢ and e using the tfraining dataset.

Monitor tp and vn performance for all the models.

10. Evaluate the trained CNN models on the test dataset.

11. Calculate clossification metrics of a, p, 1, Fs

12. Compare the performance of all the CNN models.

13. Select the bfm based on em.

14. Return bcdm.

® N O~ wN -

©

Table 1. Algorithmic Framework of the Proposed Model

model is shown in Table 1. It begins by utilizing the MIAS
mammography dataset (1) asinput. All of the photos in this
set are then preprocessed and resized to 224 x 224 pixels,
which is a common size. This study uses data
augmentation technigues to add rotation to images in
the fraining data to increase their variety. These altered
photos will be divided info three sets: a training set, a
validation set, and a testing set after the pre-processing
and augmentation procedures. Based on the results of
their diagnosis, each and every one of them has been
given alabel, with an "0" denoting benign instances and
an "1" denoting malignant ones. The algorithm chooses
three Convolutional Neural Network (CNN) architectures:
ResNet (r), a custom-built model (c), and EfficientNet (e).
Each architecture's particular layers and links are
specified. When this is finished, the training dataset is used
to monitor progress through validation performance for
each of the three CNN architectures that were chosen:
Restnet (1), Custom Model (c), and EfficientNet (e) in order
1o prevent overfitting during this process.

The frained CNN models are tested on new, unseen data
using a different test dataset. A number of classification
metrics, including accuracy, precision, recall, and F1-
score, are computed to quantitatively assess each

model's performance. Three CNN models are compared
and tested for performance, and the algorithm finally
chooses the best-performing model based on evaluation
metrics, concluding with the finalizihg of the Breast
Cancer Diagnosis Model development process.

The creation of CNN's architecture is the initial stage of
model creation. Considering the intricacy of
mammography pictures and the requirement for
maximum precision, a deep CNN architecture is utilized.
Apre-trained model, like ResNet, is used as the foundation
architecture through the use of fransfer learning. The pre-
frained model's convolutional layers will be used to
extract features, and the fully connected layers will be
tailored to the specific binary classification job of
determining whether breast cancer is benign or
malignant.

3. Results and Discussion

This study uses a number of frameworks and software
packages extensively. Python is the most widely used
programming language for having a large library and
stfrong community in data science and machine
leaming. Deep learning models are created with
TensorFlow and Keras, two Python-based tools. Image
data can be read, altered, and enhanced with the help
of OpenCV, another essential library for image
processing. To ensure optimal performance, one of the
models' hyperparameters is optimized using Keras Tuner.
Furthermore, tools and libraries like Seaborn, Numpy, and
Pandas make it easier to manipulate, analyze, and
visualize data.

3.1 Data Visualization and Preprocessing

The machine learning begins with an understanding and
preparation of the MIAS mammography dataset, which
this study obtained from the Kaggle repository. The
diagnostic algorithm was frained using mammography
pictures from this dataset, which is a major source of
information for breast cancer research. An initial look at
the features of the mammography images is provided by
visualizing the data, which also highlights any obvious
patterns or anomalies. Figure 3 shows the differences in
fumor presentations and overall image quality by
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Figure 3. Snhapshot of Data Visualization Montage from
the Notebook

presenting a subset of the MIAS dataset photos.
3.2Image Rotation for Data Augmentation

CNNs in particular are deep learning models that do well
with enormous volumes of data. The MIAS dataset is smalll,
hence, methods of data augmentation, like image
rotation, are used to make the dataset appear larger than
it actually is. Changing the angle at which images are
rotated adds useful diversity, which enables the model to
learn from different representations and may improve its
generalization abilities.

Figure 4 shows the images following the augmentation
procedure. Rotation matrices for a 2-degree angle are
created using the getmatrix function. A loop iterates 180
fimes, using these matrices fo rotate each image in turn.
The dataset is greatly increased by this fechnique, which
yields 180 rotated variants of each original image. The
goal of the augmented dataset is to give the model a

Augmented Images

Original Image

Figure 4. Visual Representation of the Data Augmentation Process

more diverse set of fraining examples by methodically
changing the orientation of the images. This will eventually
increase the number of images in the dataset from 322 to
57,960images.

3.3 Labels Processing

Each image in the MIAS dataset is assigned a label
indicating its diagnostic classification as either benign or
malignant. Exfracting and processing these labels is
essential to ensure the model receives the correct
supervisory signals during training. This phase involves
reading the label annotations and matching them to the
correspondingimages.

Figure 5 shows the function's code snippet for label
extraction. The 'Info.txt' file contains information that can
be read and processed by the read_label function.
Labelsin this file identify whether a mammography image
is malignant (cancerous) or benign (non-cancerous).

3.4 Data Splitting

The data is divided into fraining and testing subsets after
being supplemented, displayed, and labeled. This
segregation ensures that our model is trained on one part
of the data (the fraining set) and evaluated on a
completely separate subset (the testing set), allowing for
an accurate assessment of the model's diagnostic
performance, as shown in Figure 6. Figure 6 shows the
dataset distribution: 80% for training and 20% for testing.

3.5 ModelBuilding and Hyperparameter Optimization

In any machine learning system, the model's architecture
and hyperparameters are crucial in determining how well
the model performs, particularly when utilizing deep
leamning approaches like Convolutional Neural Networks
(CNNs). The architecture outlines the layers, their kinds,
and the connections between them and the overall
structure of the model. Conversely, the training process is
conftrolled by hyperparameters, such as the leamning rate
for the optimizer or the number of filters in a convolutional
layer. They are pre-set, not learned from the data, and
their optimization can have a big impact on the model's
performance.

3.5.1 Convolutional Neural Network (CNN) Architecture

CNNs are very good at classifying images because they
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[ ] # Function to Read labels from file
def read_label():
"""Read labels from file."""
print("Reading labels")
filename = url + 'Info.txt’
text_all = open(filename).read()
lines = text_all.split('\n')
info = {} # Dictionary for label data

for line in lines:
words = line.split(' ')
if len(words) > 3:
if (words[3] == '‘B'): # Label 'B' for benign

if (words[3] == 'M'):

return info

info[words[@]] = {angle: @ for angle in range(®, no_angles, 2)} # Assigning label @ for benign
# Label 'M' for malignant
info[words[@]] = {angle: 1 for angle in range(®, no_angles, 2)} # Assigning label 1 for malignant

Figure 5. Code Snippet of the Function for the Label Extraction

Data Split

training

[l testing

Figure 6. Distribution of Dataset

can capture the spatial hierarchy of features. The model
utilized for this study has multiple convolutional layers,
each of whichis followed by pooling layers and activation
functions. With deeper layers identifying more intricate
structures and earlier layers identifying simpler patterns
like edges, these layers seek to extract characteristics and
patterns from the images. The network's last layers, which
are thick layers, aid in the classification process by
identifying if a picture shows benign or malignant ftumors.
The construction of a Convolutional Neural Network (CNN])
was achieved using Keras. Layers are stacked in a
sequential manner because the sequential class is used

toinitialize the model.

Input Layer: The input shape corresponds to the
dimensions of the images (rows X coloumsrows X
coloums) with a single channel, indicating grayscale
images.

Convolutional Layers: The first layer has 32 filters of size
3x33x%3, followed by a ReLU activation function. The
subsequent layers increase the number of filters,
moving from 64 to 128 and then decreasing back to
64 and 32. Each of these layers also uses 3x33x 3
filters and is activated using the ReLU function.

Pooling Layers: After each convolutional layer, there's
a max-pooling layer with a pool size of 2x22x 2. This
layer downsamples the feature maps, reducing their
dimensions by half.

Dropout Layers: Afterthe pooling operationin the later
convolutionallayers, dropout layers are added. These
layers randomly set a fraction (20% in this case) of the
input units fo 0 at each update during training, which
helps prevent overfitting.

Flaffening Layer: After the convolutional and pooling
operations, the 2D feature maps are flattened into a
1D vector. This is a prerequisite before feeding the
datainto afully connected layer.

Dense Layer: A dense layer with a single neuron is
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added, which outputs the prediction. This layer uses
the sigmoid activation function, making it suitable for
binary classification tasks.

3.5.1.1 Hyperparameter Optimization Using Keras Tuner

Hyperparameters regulate the finer points of the fraining
procedure, while the model architecture provides the
overall framework. Nevertheless, choosing the ideal
hyperparameters by hand might be a time-consuming
and inefficient method. As such, instruments such as
Keras Tuner are utilized. The procedure is automated by
Keras Tuner, which looks through a variety of
hyperparameter settings to choose the set that provides
the greatest performance. The RandomSearch function
of the Keras Tuner was used for this study as it selects
hyperparameters at random from predetermined ranges
and uses them to train the model. This method produces
findings that are reliable and efficient in terms of
computing. The model building of the CNN is created
using a method named build_model. A sequentialmodel
isinitialized by carrying out actions that are:

e Two convolutional layers are added. For these layers,
the number of filters and the size of the filters (referred
to as the kernel size) are determined by
hyperparameters that will be optimized.

e Aftereach convolutional layer, an activation function
(ReLV) and a pooling layer are added to reduce the
spatial dimensions.

e A dropout layer is infroduced after the second
convolutional layer to prevent overfitting. The dropout
rate is also ahyperparameter to be optimized.

¢ The model is flattened, and a dense layer with a
sigmoid activation function is added for binary
classification.

e The model is compiled with an optimizer, loss
function, and evaluation metric. The learning rate for
the optimizer is another hyperparameter to be
optimized.

The RandomSearch function of the Keras Tuner is

initialized. It builds models with various combinations of

hyperparameters using the build_model function. The
hyperparameter search spaces are:

Number of filters for the convolutional layers.

Kernel size for the first convolutional layer.

Dropout rate afterthe second convolutional layer.

Learning rate for the optimizer.

The RandomSearch method maximizes validation
accuracy. It tries a maximum of 5 different
hyperparameter combinations. For each combination,
the model is trained three times to average out the
performance. Using the fraining data, the search
approach trains the models with various combinations of
hyperparameters.

3.5.1.2 Optimal Hyperparameters

The optimal hyperparameters produced the highest
validation accuracy after the hyperparameter
optimization process. These ideal values reveal the
preferences of the model, including the best learning rate
or the quantity of filters to use in a convolutional layer.
When these hyperparameters are used in full-scale
fraining, the model is guaranteed to be trained as
efficiently as possible, optimizing its potential accuracy
on unobserved data. Table 2 shows the optimal
hyperparameters derived from the search, where the
Con_1 Filter, Conv_2 Filter, Dropout_2, and Leamning Rate
valueswere 32,48,0.1,and 0.0001, respectively.

3.5.1.3 Model Training and Evaluation

The prepared dataset was used to frain the convolutional
neural network, which was opfimized with the best
hyperparameters. The diagnostic accuracy and
robustness of the model were then assessed based on a
variety of measures.

The model was frained on the dataset as an essential next
step after defining the CNN architecture and figuring out
the best hyperparameters. When a neural network is
frained, input data is fed into it, and the model's internal
weights are modified in response to the prediction error.

Hyperparameter Optimal Value

Conv_1 Filter 32
Conv_2 Filter 48
Dropout_2 0.1
Learning Rate 0.0001

Table 2. Optimal Hyperparameters Derived from the Search

i-manager’s Journal on Data Science & Big Data Analytics, Vol. 2 ¢ No. 2 e December 2024 11




RESEARCH PAPERS

The model's goal over the 100 epochs of training was to
reduce error, hence improving its capacity to identify
breast cancer from mammograms. With 128 samples,
the model changed its weights because the batch size
was set to 128. This provides a balance between the
frequency of model updates and computing efficiency.
The optimized breast cancer diagnosis model is therefore
frained and evaluated. The optimized model fraining was
carried out based on the tasks, including:

e The model named best model, which has the most
suitable seftings (hyperparameters) from previous
steps, is frained.

e The fraining data (x_train and y_train) is used for this
purpose.

e A portion (20%) of the training data is set aside for
validation to monitor the model's performance
during fraining.

e The fraining is done over 100 cycles (known as
epochs).

e The dataset is shuffled in each epoch to ensure
randomness.

¢ The modelis trained in small batches of 128 images
atatime, which helps in updating the model's internal
settings more frequently.

o The callbacks=[es] part is a mechanism to monitor
the tfraining process and possibly stop early if the
modelisn'timproving.

Once tfraining is complete, the model's performance is

tested on a separate set of data (x_fest andy_test) that it

hasn't seen before. The model's prediction error

(loss_value) and accuracy (accuracy) on this test data

are calculated and printed. The accuracy tells us how

often the model's predictions were correct.

3.5.1.4 Model Evaluation Metrics

To determine the model's efficacy, it is essential to assess
its performance on untrained data after training. To
evaluate the diagnostic power of the model, several
measures were applied. A precise indicator of the
proportion of accurate forecasts is accuracy. Recall
gauges the model's capacity to discover every positive

instance in the dataset, whereas precision assesses the
model's accuracy in identifying positive examples. Recall
and precision are balanced in the F1 score. When
combined, these measures provide a thorough picture of
the diagnostic performance of the model. Table 3 shows
the model's evaluation metrics, where the accuracy,
precision, recall, F1-score, and Cohen Kappa score are
98.36%, 98.39%., 98.37%. 98.36%, and 0.9836,
respectively.

3.5.1.5Training and Validation Metrics Visualization

When a deep leamning model performs remarkably well
on fraining data but poorly on unseen datq, it is referred to
as overfitting. It is crucial fo track the model's performance
overtfime (epochs) on both training and validation datasets
in order to avoid this. When the accuracy and loss for both
datasets are displayed side by side, it is possible to
determine when the model begins to overfit. Making
educated decisions like early stopping to guarantee the
model stays generic and functions well on fresh, untested
data is made easier with the help of such visual insights.
Figure 7 shows the visualization of the model's loss and
accuracy after training and validating the model. The left
part of The left part of Figure 7 shows the accuracy of the
model, while the right part shows the model's loss.

3.5.2 Implementation of EfficientNet Architecture

Performance accuracy and computing economy were
balanced in the design of the EfficientNet architecture,
namely the EfficientNetB7 variation. Its balanced scaling
of model depth, width, and resolution makes this
architecture stand out in particular. Grayscale
mammography image processing uses this architecture.
This adaptation required changing the input shape to fit
the size of the mammography images (rows, coloums, 1)
and setting include_top to false to configure the network's
head withthe layers.

Metric Value (%)
Accuracy 0.9836
Precision 0.9839
Recall 0.9837
F1 Score 0.9836
Cohen Kappa Score 0.9836

Table 3. Model's Evaluation Metrics for Custom Optimized CNN
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MODEL'S METRICS VISUALIZATION
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Figure 7. Model's Accuracy and Loss

An additional layer, called GlobalAveragePooling2D, was
added to the model to help focus on the key features and
reduce the spatial dimensions. The 'tanh' activation
function was used to create a dense layer comprising 512
neurons, which introduced non-linearity and facilitated
the detection of complicated patterns. Next is a dropout
layer with a rate of 0.25, which is essential for
regularization and avoiding overfitting. Using the sigmoid
activation function, the dense layer, the last layer, had a
single neuron and was perfect for binary classification
tasks like differentiating between benign and malignant
tumors.

3.5.2.1 Model's Summary and Training

The model was constructed, then compiled using the
Adam optimizer and BinaryCrossentropy as the loss
function, a popular option for binary classification
problems. A clear picture of the model's complexity and
structure was provided by the model summary, which
included an overview of the layers, parameters, and
shapes. The fraining process was carried out for 100
epochs with a batch size of 128 on the preprocessed
datfaset. This decision was predicated on finding a
compromise between computing efficiency and
enough learning across the fraining process. The inclusion

of validation splits allowed to check the model's
performance on unseen data during training,
guaranteeing it could identify any signs of overfitting early.

Figure 8 shows the visualization of the training process
after fraining and validating the model. The left part of
Figure 8 shows the history of accuracy of the model, while
theright part shows the model's loss.

3.5.2.2 Performance Evaluation

A direct measure of the model's efficacy in diagnosing
breast cancer from mammography images was
provided by the loss value and accuracy obtained. After
fraining, the model's performance was assessed on the
test datasetf. This assessment was essential to
comprehend how well the model generalized 1o new
data, acritical indicator of its possible utility in a real-world
clinical setting.

3.5.2.3 Metrics Analysis

A number of performance indicators were calculated, as
shown in Table 4, in order to fully evaluate the diagnostic
capabilities of the model. Accuracy, precision, recall, F1
score, and Cohen Kappa score were among them. A
unigue perspective on the model's ability to accurately
identify mammography pictures was provided by each
statistic, which balanced the frade-offs between false
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Figure 8. Training Process Visualization
Metric Value (%) include_top parameter was set to False.
Accuracy 0.9977 The GlobalAveragePooling2D layer, the dropout layer with
Precision 0.9914 o .
Recall 0.9965 a 25% dropout rate, the dense layer with 512 neurons
F1 Score 0.9939 activated by 'tanh,' and the final dense layer with a
Cohen Kappa Score 0.9954

Table 4. Classification Metrics Summary of EfficientNet

positives and negatives. A thorough categorization report
also offered information on how well the model
performed for each class (malignant and benign), which
is essential for clinical decision-making. Table 4 shows the
classification metrics summary with accuracy, precision,
recall, F1-score, and Cohen kappa score of 0.9977,
0.9914,0.9965,0.9939, and 0.9954, respectively.

3.5.3 Implementation of ResNet Architecture

ResNet50 can learn from deeper neural networks without
experiencing the vanishing gradient problem, it is a
preferable architecture for neural networks. Deeper
network fraining is made easier by ResNetb0's well-known
residual connections. To handle the grayscale
mammography pictures in the solution, this study
modified ResNet50. To achieve this, the input shape was
modified to match the dimensions of the data, and the

'sigmoid' activation function for binary output were
added to the model 1o make it appropriate for this binary
classification task. These extra layers were designed to
process the ResNetb0 extracted features and determine
the final classification outcome.

3.5.3.1 Model Summary and Training with Early Stopping

The Binary Cross entropy loss function and the Adam
optimizerwere used o constructthe ResNet60 model. The
amount of parameters and the network's structure were
explained by the model overview. An early termination
mechanism was incorporated info the fraining program.
By keeping an eye on validation accuracy and stopping
tfraining if there was no discemible progress, this method
avoided overfitting and maximized the use of
computational resources. Figure 9 shows the training
process visualization.

3.5.3.2 Performance Evaluation

An important stage in determining the ResNet50 model's
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Figure 9. Training Process Visualization

efficacy was evaluating how well it performed on the test
dataset. The obtained accuracy and loss values provided
a clear indicator of how well the model could distinguish
between benign and malignantmammogram pictures.

3.5.3.3 Metrics Analysis

A thorough analysis of the ResNetb0 model was
conducted utilizing a number of performance indicators.
These metrics, which comprised Cohen Kappa Score, F1
score, accuracy, precision, and recall, each offered
insightful information about various facets of the model's
classification performance. The model's precision, recall,
and F1 score for every class were further described in a
classification report, providing a more in-depth
understanding of the model's functionality. Table 5 shows
the summary of classification metrics with accuracy,
precision, recall, F1-score, and Cohen Kappa scores of
0.9987, 0.9934, 0.9967, 0.9950, and 0.9955,
respectively.

3.6 Comparison of Models

The Custom Opftimized CNN, EfficientNet, and ResNet
architectures of the three models used to diagnose
breast cancer are compared. Their classification metrics,
fraining dynamics, and computational efficiency serve
as the basis for comparison. Table 6 shows the
comparison of the performances of the three CNN
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Metric Value

Accuracy 0.9987

Precision 0.9934

Recall 0.9967

F1 Score 0.9950

Cohen Kappa Score 0.9955

Table 5. Classification Metrics Summary of ResNet

Accuracy Precision Recall Fl-score Cohen Kappa
score

Custom 0.9836 0.9839 0.9836 0.9837 0.9836
Optimized CNN

EfficientNet 0.9977 0.9914 0.9965 0.9939 0.9954
ResNet 0.9987 0.9934 0.9967 0.9950 0.9955

Table 6. Comparison of Model Performance Metrics

multiple architectures.

Custom Optimized CNN: This model achieved an
accuracy of 0.9836, precision of 0.9839, recall of 0.9836,
F1 score of 0.9837, and Cohen Kappa score of 0.9836. Its
classification report showed nearly perfect scores across
both classes, with a slight variance in the benign
category.

EfficientNet: The EfficientNet model exhibited almost
perfect scores across all metrics, with accuracy,
precision, recall, F1 score, and Cohen Kappa score of
0.9977, 0.9914, 0.9965, 0.9939, and 0.9954,
respectively. Its classification report reflected these
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scores, showing equally high performance in both
categories.

ResNet50: ResNetb0 performed best across all metrics,
achieving accuracy, precision, recall, F1 score, and
Cohen Kappa score of 0.9987, 0.9934, 0.9967, 0.9950,
and 0.9955. The classification report confirmed its
flawless performance in distinguishing between benign
and malignant cases.

3.6.1Training Dynamics and Computational Efficiency

Custom Optimized CNN: This model's training was robust,
showing a gradual and consistent leamning curve. It
balanced computational efficiency well, making it a
viable option for environments with limited computational
resources.

EfficientNet: EfficientNet's training demonstrated rapid
convergence to high accuracy, indicating its efficiencyin
learning features. The balance between model
complexity and computational demands makes it an
aftractive choice forreal-world applications.

ResNet50: ResNetb0, with early stopping, showed an
effective training process. The early stopping mechanism
ensured that the model did not overfit and optimized the
use of computational resources. Its metrics indicate that it
can leamn complex patterns without needing extensive
fraining time.

3.6.2 Advantages and Implications

It is clear from a comparison of these models that each
has advantages. When computing resources are limited,
the Custom Optimized CNN is a great option since it
provides good performance at alower complexity.

Because EfficientNet balances computational efficiency
with performance, it is appropriate for applications
requiring high accuracy without using excessive amounts
of resources. ResNet&0 is clearly the most accurate
model, with flawless scores.

The deployment environment's unique requirements and
limitations will determine which of these models is
selected. ResNet50 is the best option in situations where
computational resources are not a constraint.
EfficientNet acts as a medium ground, balancing
efficiency and performance, and the Custom Optimized

CNN provides a very viable option in instances when
computational resources are limited.

Conclusion

This study presents a novel method of diagnosing breast
cancer by building a complex model that makes use of
three CNN architectures, including ResNetf, a custom
optimized CNN, and EfficientNet architectures. The goal
of this study is to determine the best architecture for
precise breast cancer diagnosis by evaluating the
performance of these several CNN architectures. The
dataset used in this study was obtained from the MIAS
dataset available on the Kaggle repository. With less
computational complexity and 0.9932 accuracy, the
Custom Optimized CNN is appropriate for environments
with limited resources. With 0.9977 accuracy and good
processing efficiency, EfficientNet performed admirably
andis perfect forreal-world applications. ResNet50.

The Custom Optimized CNN performed remarkably well,
especially when taking into account its lower processing
complexity. Its accuracy of 0.9836 is impressive for a
model that strikes a compromise between resource
efficiency and performance. EfficientNet achieved an
accuracy of 0.9977, demonstrating exceptional
performance. Because of its exceptional performance
and balance between computational efficiency and fast
performance, it is a great option for real-world
applications where high precision is needed but
resources are restricted. ResNetb0 demonstrated its
outstanding capacity to understand intricate patterns
and provide precise classifications by achieving flawless
scores on all measures. This results in higher computing
demands.
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ABSTRACT
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Cyber shopping worldwide has developed significantly, especially after the COVID-19 pandemic. Due to rapid
fechnological advances, Arfificial Intelligence (Al) plays an increasingly dynamic role in cyber shopping. Al in cyber
shopping fracks customers' choices, buying patterns, preferences, purchase frequency, and spending on products,
helping meet the diverse needs of cyber shoppers. The study aims to examine the impact of Al on cybershoppers in
Kanniyakumari Distfrict of Tamil Nadu, India. The primary data collection was through the convenience sampling
method, and the sample size is 200. Secondary data collection was from journals, books, websites, and databases. Age
plays a substantial role, as age-related differences explain why younger and older consumers display distinct
preferences and levels of comfort with these fechnologies. Amazon is the most frequently used Al-based cyber shopping
platform by customers, while Indiamart is the least used. The findings suggest that demographic factors are crucial in
shaping customer preferences and engagement with online shopping platforms.

Keywords: Artificial Infelligence, Cyber Shopping, Shopping Platform, Technology, E-Commerce, Customer Choices,
COVID-19 Pandemic, Age-Related Differences.

INTRODUCTION

Cyber shopping has grown exponentially. Confinuous
increases in users and high-speed internet access have
significantly contributed to this growth. Customers benefit
from various advantages, like convenience, lower prices,
fime savings, and instant access to all necessary
information. However, a few issues persist, such as
inadequate customer service, insufficient return policies,
and safety concerns (Jangra & Jangra, 2022). Arificial
Intelligence (Al) enables non-human machines or
artificial entities to perform tasks, solve problems,
communicate, intferact, and behave logically, similar to
biological humans (ZUAiga et al., 2023). Al plays a vital
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role in shaping the buying patterns of cyber shoppers
worldwide. It fransforms cyber shopping by interpreting
external data accurately, learning from this data, and
using those insights to achieve specific goals and tasks
through flexible adaptation. E-commerce uses Al
techniques, systems, tools, or algorithms to support
activities related to buying and selling products or
services online (Bawack et al., 2022). Therefore, with Al,
customers purchase from cyber shopping platforms
more efficiently. Al also focuses on the development of
the advantages of cyber shopping and turning the
disadvantages of cyber shopping into advantages.

1. Review of Literature

Larietal. (2022) identified some key applications of Alin e-
commerce by reviewing research articles from various
sources. The study concluded that Al holds a powerful
impact on e-commerce and aims to bring new trends in
the near future. Al can change the companies and the
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framework within which the e-commerce websites work
and provide a new touch, thereby replacing the
fraditional and physical way of shopping for their
customers.

Pillarisetty and Mishra's (2022) outlined the different Al-
based technologies that impact online fashion retail. It is
found that Al can help in improving several service
features, such as tailoring fits with mix and match, 24 hours
of customer assistance, and personalization services with
chatbots. This improved efficiency reduces returns and
improves repeat purchases. Personalized
recommendations are known to positively influence
customer loyalty. 'Behavioural Analytics' can be a tool to
understand the behavior of online customers and are
used to model customers's behavior before purchase.
This will save company time and money, and one should
understand this process in order to improve
personalization and the overall customer experience.

Singh et al. (2023) focused on C2C business, in which
customers or ultimate users buy the goods and services
fromm online retailers or marketplaces. Simulated
intelligence innovation is one thing that is turning out to be
more adaptable and versatile to human idea designs. In
the e-retail domain, Al has shown a greater scope to
retailers for encouraging more participation in the e-
commerce business. With the assistance of Al, retail
organizations can make their products more visual fo their
segmented customers as they realize what else they can
look for on their commercial platforms.

Subbaiah et al. (2024) investigated the factors that
influence artificial intelligence's practical implacability to
befter understand how it affects consumers' online
purchase plans. The findings of the study provided
support for the hypothesis that changing customers'
online shopping behaviors necessitates a
comprehensive understanding of the factors that are
important to them. Al fools appear to be an effective tool
foraccomplishing the goal because of the valuable data
that they provided on a variety of variables that influence
the behavioral intentions of customers. Marketing can
reap benefits from facilitating conditions such as longer
purchase durations and increased dependence on

socialmedia.

Kumar and Senthiimurugan (2024) evaluated the
awareness level of consumers about Al and its impact on
purchase decisions based on demographic
characteristics. The study revealed that there is no
significant association between gender and awareness
about Al'simpact on online shopping. However, there is a
significant association between educational level and
the time spent on the internet with the influence of Al on
online shopping.

2. Objectives

e To examine the reasons of customers 10 purchase
through cyber shopping with the aid of Al.

e TJo analyze the impact Al has created on cyber
shopping among customers.

3. Hypothesis

e HO1: There is no significant difference between the
customer's age and the factors involved in the usage
of Alin cyber shopping.

e HO2: There is no significant difference among the
mean ranks towards the Al-based cyber welbsites
used by the customers.

e HO3: There is no significant difference between
customers' gender and the challenges faced in the
usage of Alin cyber shopping.

4. Research Methodology

This study opts for a convenience sampling method to
collectthe data for the research among 200 individualsin
Kanniyakumari District, Tamil Nadu, India. Primary data
and secondary data collection are the tools used for data
collection. The collection of primary data is through a
well-structured questionnaire through Google Forms. In
secondary data collection, journals, books, databases,
and transcripts were the sources of information. The
stafistical fools used for the research are percentage
analysis, one-way ANOVA, the Friedman tfest, and an
independent sample t-test with the aid of SPSS software.

5. Limitations of the Study
5.1 Sample Limitation

This study uses a convenience sampling method, which
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may not accurately represent the entire population of
Kanniyakumairi District, Tamil Nadu, India. This can limit the
generalizability of the findings to a broader audience.

5.2 Data Collection Constraints

Since primary data collection is done through Google
Forms, respondents who are less familiar with digital
platforms or who lack access to the internet might be
underrepresented, potentially leading to sample bias.

5.3 Limited Scope of Factors and Variables

This study specifically examines age and gender as
demographic factors, but it may not account for other
important variables that could influence customer
interaction with Alin cyber shopping.

5.4 Rapidly Evolving Technology

Al and cyber shopping technologies evolve quickly, so
findings from this study may become outdated as new
advancements and trends emerge in the e-commerce
sector.

6. Analysis and Interpretation
6.1 Demographic Profile

Table 1 shows the demographic profile of the population
belonging to Kanniyakumari District, Tamil Nadu, India.

Table 1 shows that 29.5 percent (59) of the respondents
belong o the age group of 34-41. It is followed by the
respondents belonging to the age groups of 42-49, 26-
33, and 50 and above with 28.0 percent (56), 19.5
percent (39) and 15.0 percent (30), respectively. Only 8.0
percent (16) of the respondents belong to the age group
of 18-25.57.5 percent (115) of the respondents are male,
while 42.5 percent (85) of the respondents are female.
The maijority of the respondents, 37.0 percent (74) of the
respondents, are professionals. It is followed by the
respondents having an educational gudlification in post-
graduation, high school, and undergraduation with 20.0
percent (40), 20.0 percent (40), and 13.5 percent (27),
respectively. Only 9.5 percent (19) of the respondents
have completed an educational qualification in diploma
programs. Most of the respondents' annual family income
is between Rs. 9,00,001 and Rs. 12,00,000, with 32.0
percent (64). It is followed by those having an annual

Particulars Frequency Percent
Age 18-25 16 8.0
26-33 39 19.5
34-41 59 29.5
42-49 56 28.0
50 and Above 30 15.0
Total 200 100.0
Gender Male 115 57.5
Female 85 42.5
Total 200 100.0
Educational Level High School 40 20.0
Under-Graduate 27 13.5
Post-Graduate 40 20.0
Professional Courses 74 37.0
Diploma Programs 19 9.5
Total 200 100.0
Annual Income Rs. 3,00,000 and Below 43 21.5
Rs. 3,00,001 fo 6,00,000 27 13.5
Rs. 6,00,001 fo 9,00,000 38 19.0
Rs. 9,00,001 fo 12,00,000 64 32.0
Above Rs. 12,00,000 28 14.0
Total 200 100.0
Marital Status Single 62 31.0
Married 115 57.5
Divorced 16 8.0
Widow 7 3.5
Total 200 100.0
Nature of Family Nuclear 136 68.0
Joint 64 32.0
Total 200 100.0
Number of Member Less than 4 108 54.0
4-8 66 33.0
More than 8 26 13.0
Total 200 100.0
Current Accommodation  Rented House 77 38.5
Status Own House 117 58.5
Leased House 6 3.0
Total 200 100.0
Taluk Agastheeswaram 86 43.0
Thovalai 30 15.0
Vilavancode 42 21.0
Thiruvattar 20 10.0
Kalkulam 12 6.0
Killiyoor 10 5.0
Total 200 100.0

Source: Primary Data

Table 1. Demographic Profile

family income between Rs. 3,00,000 and below, Rs.
6,00,001 to 9,00,000, and above Rs. 12,00,000 with 21.5
percent (43), 19.0 percent (38) and 14.0 percent (28),
respectively. The least number of respondents earn an
annual family income of between Rs. 3,00,001 and
6,00,000, with 13.5 percent (27). 57.5 percent (115) of the
respondents are married, while 31.0 percent (62) of the
respondents are unmarried. 8.0 percent (16) of the
respondents are divorced, and another 3.5 percent (7) of
the respondents are widows. The majority of the
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respondents, 68.0 (136), are from nuclear families, while
32.0 percent (64) of the respondents are from joint
families. Most respondents, 54.0 percent (108), have less
than four members in their family. 33.0 percent (66) of the
respondents have four to eight members in their family,
and only 13.0 percent (26) of the respondents have more
than eight members in their family. Around 58.5 percent
(117) areliving in their own house. 38.5 percent (77) of the
respondents are living in a rented house, and only 3.0
percent (6) of the respondents reside in a leased house.
The maijority, 43.0 percent (86), of the respondents belong
to Agastheeswaram Taluk. The respondents belonging to
Vilavancode Taluk, Thovalai Taluk, Thiruvattar Taluk, and
Kalkulam Taluk are 21.0 percent (42), 15.0 percent (30),
10.0 percent (20), and 6.0 percent (12). The least number
of respondents, 5.0 percent (10), belongs to Killiyoor.

6.2 FactorsInvolvedin the Usage of Al in Cyber Shopping

Severalfactors influence the effective usage of Alin cyber

shopping, shaping both the customer experience and
business outcomes. Table 2 shows the factors involved in
the usage of Alin cyber shopping with the use of one-way
ANOVA.

Table 2 shows that the p-value is less than 0.01 for the
factors 'Personalization and Recommendations,
Chatbots and Virtual Assistants, Predictive Analytics, Visual
Search and Image Recognition', 'Fraud Detection and
Security!, 'Voice Commerce', 'Sentiment Analysis and
Customer Feedback', 'Augmented Reality (AR) and Virtual
Redality (VR)', 'Automation of Order Fulfilment', and 'Ethical
Considerations and Transparency' at one percent
significance level. Hence, the null hypothesis is rejected,
and the alternate hypothesis of 'There is a high significant
difference between the customer's age and the factors
involved in the usage of Alin cyber shopping'is accepted
ata 99 percent confidence level.

The significant relationship between customer age and

Factors Sum of Squares df Mean Square F Sig.
Personalization and Recommendations Between Groups 182.913 4 45.728 29.776 <0.001**
Within Groups 299.467 195 1.536
Total 482.380 199
Chatbots and Virtual Assistants Between Groups 182.913 4 45,728 29.776 <0.001**
Within Groups 299.467 195 1.536
Total 482.380 199
Predictive Analytics Between Groups 165.659 4 41.415 26.424 <0.0071**
Within Groups 305.621 195 1.567
Total 471.280 199
Visual Search and Image Recognition Between Groups 174.100 4 43.525 28.313 <0.001**
Within Groups 299.775 195 1.537
Total 473.875 199
Fraud Detection and Security Between Groups 198.924 4 49.731 35.536 <0.0071**
Within Groups 272.896 195 1.399
Total 471.820 199
Voice Commerce Between Groups 183.550 4 45.888 29.268 <0.001**
Within Groups 305.730 195 1.568
Total 489.280 199
Sentiment Analysis and Customer Feedback Between Groups 173.413 4 43.353 26.764 <0.001**
Within Groups 315.867 195 1.620
Total 489.280 199
Augmented Reality (AR) and Virtual Reality (VR) Between Groups 181.386 4 45.347 29.625 <0.001**
Within Groups 298.489 195 1.531
Total 479.875 199
Automation of Order Fulfilment Between Groups 175.604 4 43.901 26.923 <0.001**
Within Groups 317.976 195 1.631
Total 493.580 199
Ethical Considerations and Transparency Between Groups 200.755 4 50.189 33.535 <0.001**
Within Groups 291.840 195 1.497
Total 492.595 199
Source: Primary Data
** denotes significant at 1%
Table 2. Factors Involved in the Usage of Al in Cyber Shopping
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various Al-driven factors in cyber shopping, indicated by a
p-value less than 0.01, suggests that age plays a crucial
role in how consumers interact with and respond to Al
technologies in e-commerce. Younger consumers, more
comfortable with digital environments, may be more
inclined to use features such as personalization and
recommendations, chatbofs, visual search, and voice
commerce. They are ftypically more familiar with
technology and may find these features intuitive and
convenient. Conversely, older customers might prioritize
security and privacy, explaining their interest in fraud
detection and ethical considerations in Al. Additionally,
factors like augmented and virtual reality (AR/VR) may
appeal more to younger users who are accustomed to
immersive and interactive experiences through gaming
or social media. This age-related variation in preferences
highlights how Al features in cyber shopping meet
different needs across demographics, making age a
significant factor in customer engagement with these
technologies.

6.3 AlBased Cyber Websites Used by the Customers

Al-based cyber shopping websites use arfificial
inteligence to enhance user experiences, streamline
shopping processes, and provide personalized services.
The most commonly used Al-based cyber websites by the
customers are analyzed with the aid of the Friedman test.

Table 3 shows that Amazon is the most used Al-based
cyber website by the customer and hence ranked in the
first position with a mean score of 3.91. This is followed by
Flipkart, Myntra, Shopper's Stop, eBay, Lenskart, and
Caratlane in the second, third, fourth, fifth, sixth, and
seventh positions with a mean score of 3.80, 3.69, 3.67,
3.56, 3.50, and 3.47, respectively. The least used Al-
based cyber website by the customers is Indiamart, with a
mean score of 2.84 and hence, ranked in the eighth
position.

Amazon ranks highest, with a mean score of 3.91, likely
due to its advanced Al capabilities, personalized
recommendations, and seamless user interface, which
create a highly engaging shopping experience. Lower-
ranked platforms like Indiamart, with a mean score of

Cyber Websites N Mean Rank
Amazon 200 3.91 |
eBay 200 3.56 Vv
Myntra 200 3.69 1l
Shopper's Stop 200 3.67 vV
Caratlane 200 3.47 Vil
Flipkart 200 3.80 1
Indiamart 200 2.84 VIl
Lenskart 200 3.50 \Y
N 200

Chi-Square 199.769

df 7

Asymp. Sig. <0.001**

Source: Primary Data
** denotes significant at 1%

Table 3. Al Based Cyber Websites Used by the Customers

2.84,tendto catermore to B2B markets or niche products,
which may not align with the general consumer
preferences observed in this study.

The p-value is less than 0.01 at the one percent
significance level, and therefore, the null hypothesis is
rejected, and the alternate hypothesis, 'There is a high
significant difference among mean ranks towards the Al-
based cyber websites used by the customers', is
accepted atthe 99 percent confidence level.

The significant difference in the usage of Al-based cyber
shopping websites reflects varying levels of customer
preference and satisfaction with each platform's Al-driven
features and user experience.

The p-value being less than 0.01 at the 1% significance
level confiims that these observed differences are
statistically significant, highlighting that consumers
gravitate towards platforms that effectively integrate Al to
enhance convenience, personalization, and security. This
variation underscores how Al features play a key role in
shaping user engagement across different cyber
shopping websites.

6.4 Challenges Faced in The Usage of Al in Cyber
Shopping

Challenges include the difficulties and obstacles
encountered when implementing and using Al
technologies in the online shopping environment. Table 4
shows such an issue with the aid of an independent 1-test
by comparing it with the independent variable gender.

Table 4 shows that the p-values for the variables 'Data
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Privacy and Security Concerns', 'Bias and Discrimination in
Al Algorithms', 'High Implementation and Maintenance
Costs', 'Lack of Human Touch in Customer Service', 'Over-
reliance on Data Quality', 'Cybersecurity Risks', 'Difficulty in
Achieving Personalization Without Intrusiveness', and
'Cultural and Regional Differences' are less than 0.01 at
the one percent significance level. Therefore, the null
hypothesis is rejected, and the alternate hypothesis of
There is a high significant difference between customers'
gender and the challenges faced in the usage of Al in
cyber shopping'is accepted at a 99 percent confidence
level. This may be due to varying gender perspectives on
privacy, customer interaction preferences, and security.
Studies suggested women may be more concemed
about data privacy and security, which could account for
significant differences in perceptions related to these
variables.

The p-value for the variables 'Complexity of Al' and
'Limited Creativity in Al' is more than 0.05 at the five
percent significance level. Hence, the null hypothesis,
There is no significant difference between customers'
gender and the challenges faced in the usage of Al in
cybershopping', isaccepted.

These aspects might be viewed as more general,
technical challenges of Al that both genders experience

similarly. This suggests that while certain challenges in Al
usage are influenced by gender-specific concermns,
others are universally perceived across customers,
regardless of gender.

7.Findings

The findings from this study reveal significant relationships
between various demographic factors and the usage of
Alin cyber shopping. Table 2 shows that customer age is
a crucial determinant of engagement with Al
tfechnologies, as evidenced by a p-value less than 0.01
for several Al-driven features, suggesting younger
consumers are more inclined fo utilize tfools like
personalization, chatbots, and visual search, while older
customers prioritize security and ethical considerations.
Table 3 shows Amazon as the most utilized Al-based cyber
shopping platform, with a mean score of 3.91, affributed
to its robust Al capabilities and user-friendly interface,
whereas Indiamart ranks lowest at 2.84, reflecting its B2B
focus. The statistical significance (p < 0.01) of the
differences among mean ranks reinforces the notion that
consumer preferences for these platforms vary
significantly based on their perceived effectiveness of Al
integration. Finally, Table 4 shows notable gender
differences in perceptions of challenges faced when
using Al in cyber shopping, particularly regarding data

Challenges Gender N Mean Std. Deviation t Sig (Two-Tailed)

Data Privacy and Security Concerns Male 115 2.67 1.64 10.05 0.001**
Female 85 3.36 1.31

Bias and Discrimination in Al Algorithms Male 115 2.63 1.67 12.39 0.001**
Female 85 3.36 1.31

High Implementation and Maintenance Costs Male 115 2.63 1.67 12.39 0.001**
Female 85 3.36 1.31

Lack of Human Touch in Customer Service Male 115 2.60 1.64 9.63 <0.001**
Female 85 3.36 1.31

Over-reliance on Data Quality Male 115 2.54 1.67 12.07 <0.001**
Female 85 3.36 1.31

Cybersecurity Risks Male 115 2.65 1.69 13.70 0.001**
Female 85 3.36 1.31

Difficulty in Achieving Personalization Without Intrusiveness Male 115 4.31 1.17 2,98 <0.0071**
Female 85 3.36 1.31

Complexity of Al Male 115 3.71 1.41 7.62 0.073
Female 85 3.36 1.31

Cultural and Regional Differences Male 115 3.93 1.20 10.05 0.002**
Female 85 3.36 1.31

Limited Creativity in Al Male 1156 3.59 1.12 12.39 0.190
Female 85 3.36 1.31

Source: Primary data
** denotes significant at 1%,

Table 4. Challenges Faced in the Usage of Al in Cyber Shopping
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privacy and security concerns, with p-values less than
0.01. In contrast, the variables "complexity of Al' and
"limited creativity in Al" do not show significant differences
across genders, suggesting that while some challenges
are influenced by gender perspectives, others are
experienced uniformly by all users. These findings
underscore the importance of demographic factors in
shaping user engagement and experiences with Al
technologiesinthe e-commerce landscape.

Conclusion

In conclusion, this study highlights the significant impact
of demographic factors, particularly age and gender, on
consumer interactions with Al technologies in cyber
shopping. This study reveals that younger consumers are
more adept at utilizihg Al-driven features such as
personalization, chatbots, and visual search, which
enhance ftheir shopping experience, while older
consumers exhibit greater concern for security and
ethical implications. The prominence of Amazon as the
leading Al-based cyber shopping platform underscores
the importance of effective Al integration in driving
customer preference and satisfaction. Furthermore, this
study identifies notable gender differencesin perceptions
of challenges related to Al usage, particularly regarding
data privacy and security, while also indicating that
certain technical challenges are universally experienced.
These findings emphasize the necessity for e-commerce
platforms to tailor their Al features to meet diverse
consumer needs and preferences, ultimately enhancing
user engagement and fostering a more inclusive and
secure shopping environment. As the landscape of cyber
shopping continues to evolve, understanding these
demographic influences will be crucial for businesses
aiming to leverage Al technologies effectively and
responsively. The future scope of this study includes
expanding the research to a larger, more diverse
population across different geographic regions to gain
insights info varying consumer attitudes toward Al in cyber
shopping. Longitudinal studies could explore how these
aftitudes change over time with technological
advancements. Future research could also address the
ethical implications of Al, focusing on consumer frust and

algorithm transparency.
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ABSTRACT

Date Accepted: 04/11/2024

In the ever-evolving landscape of refail, the ufilization of darfa-adriven insights plays a pivotal role in enhancing decision-
making processes. This paper presents an advanced approach to the development and implementation of an
interactive visualization system tailored specifically for the analysis of data within a supermarket store environment. In
order to predict the sales of a business, an intelligent model was built using Linear Regression, LASSO Regression, and
XGBoost techniques, which have been shown fo be more effective than existing models. The proposed system integrates
data pre-processing, feature engineering, and algorithmic enhancements fo analyze customer behavior, sales frends,
and inventory efficiency. Key performance metrics like RMSE and R-squared validate the efficacy of the models,
highlighting the XGBoost algorithm's exceptional performance. This study aims to optimize decision-making in inventory
management, marketing strategies, and sales forecasting, ensuring data-driven insights for improved supermarket
operations.

Keywords: Inferactive Visualization, Data Analysis, XG-Boost Regression, Linear-Regression, LASSO-Regression, Random
Forest, Sales, Prediction, Supermarket.

INTRODUCTION

The world of supermarkets thrives on understanding its
customers and products. In this data-driven eraq,
supermarket chains have access to a wealth of
information about their operations. The Python
programming language was used for this application,
along with Jupyter Notebook as a development tool.
Machine leaming components, such as supervised
learning tasks, were employed in the creation of the
application, with regression tasks being a key focus. The
primary objective was to forecast future corporate retail
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sales. The process involved the collection of raw data,
feature engineering, data preprocessing, model
prototyping, and evaluation of fechniques.

The knowledge gained through supervision helps in
understanding the flow of data, including sales prices and
related frends. The regression analysis relies on a variety of
techniques to forecast prices. It is used to perform tasks
such as data cleaning, data fransformation, and
implementing XGBoost algorithms. This study used
XGBoost to develop a prediction model, which was
tested on the database to predict the sales of products
from an outlet (Suma & Hills, 2020; Wang, 2019).

1. Objectives of the Study

e To analyze sales trends and patterns to identify
popular products and customer preferences.

e To assess inventory management efficiency and

28 i-manager’s Journal on Data Science & Big Data Analytics, Vol. 2 ¢ No. 2 e December 2024




RESEARCH PAPERS

identify areas forimprovement,

e TJo explore customer segmentation based on
purchasing behavior and demographics.

e To visuadlize geographical distribution of sales and
identify areas of high demand.

¢ To evaluate the effectiveness of marketing strategies
through data-driveninsights.

e To identify outliers and anomalies in sales data for
furtherinvestigation.

¢ Toenhance decision-making processes for inventory
stocking and product placement.

e To communicate findings effectively through data
visualization techniques for stakeholders'
understanding and strategic planning.

2. Related Works

In order to predict illegal acts, sales, sanitary conditions,
and home values and to assess cardiorespiratory risk
using XGBoost, this study used several regression models
(Nunnari & Nunnari, 2017). These items are sold at
supermarket shops, and as their production is in large
quantities and growing regions are more difficult to
predict manually, it becomes more and more
challenging (Abhinaya et al., 2023). In this case, the
programming language Python is used with Julid's
notebook as a tool. The features of machine leamning
(supervised) and regression and learning functions are
used in this application (Tsoumakas, 2019). This
application is mainly used to anticipate the supermarket's
future sales and to understand how to increase sales and
regression function forecasts using a variety of algorithms.
The identification, cleaning, and transformation of the

Supermarket gy Data Collection
Datasets

Analysis of data

Sales Forecasting
results Evaluation

data require effort. The profit margin of the enterprise is
closely tied to accurate sales forecasts, and
supermarkets are looking for an efficient forecasting
method that ensures they do not lose money. This method
has been shown to be more accurate than alternative
methods such as decision frees and local collection.

3. Model's Architecture
Figure 1 shows the architecture of the ML model.
4. Dataset

This dataset was collected using the welbsite kaggle.com

from the internet. The dataset consists of datasets for

testing and training. The test data consists of 900 data

rows, and the train data consists of 100 data rows. Table 1

shows the data information. Figure 2 shows the training

data. Figure 3 shows the testing data.

4.1 Pre-Processing of Data

e Data Collection: Relevant sources of data, including
sales records, inventory, human ecology, and
external factors, are converged.

e Cleaning: Missing values are handled, duplicates are
removed, and outliers are detected and adjusted.

e Normalization or Scaling: Numerical features are
scaledto asimilarrange.

e Data Splitting: The datais split into training, validation,
andftestsets.

e Transformation: Skewness is addressed, date/time
features are handled, and necessary transformations
are applied.

e Handling Imbalanced Data: Techniques to address
classimbalance are implemented.

Data cleaning

‘ XG Boost

Transforming

Sales
Forecasting

Figure 1. Architecture of ML-Model
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Variable Name Description Datatype
Invoice ID Unigue ID of Every Customer object
Branch Different Branches of Supermarket Store object
City Different City Names From Where The Customer Belongs object
Customer Type Different Customer Types object
Gender Customer's Gender object
Product Line Different Category of Product object
Unit Price Unit Price Per Item floaté4
Quantity Number of Items Being Sold Int64
Tax 5% Tax on Each ltem floaté4
Total Total Amount of Product That The Customer Purchase floaté4
Date Date of Purchase object
Time Time of Purchase object
Payment Different Type of Payment Methods object
Cogs Price of Goods That are Sold floaté4
Gross margin percentage Total Margin Percentage on Each Item floaté4
Gross income The Amount That a Business Makes Before Deductions Are Added In floaté4
Rating Customer Rating Given For Each Product Line floaté4

Table 1. Data Information

Customer Product  Unit

Branch City type Gender line price Quantity Tax 5% Total Date Payment cogs Rating date day month year Hour Female Ma

785 0 2 1 1 0 7458 7 26.1030 5481630 53 1 522.06 90 34 4 2 2019 16 0
873 0 2 0 1 5 89.06 6 26.7180 561.0780 9 0 53436 99 17 18 1 2019 17 0

65 0 2 0 1 3 1587 10 79350 1666350 63 0 15870 58 7T 13 3 2019 16 0
902 0 2 0 0 3 21713 5 69325 1455825 77 1 13865 42 84 26 3 2019 20 1
317 2 1 0 1 0 7479 5 18.6975 3926475 1 0 37395 49 9 10 1 2019 1 0
835 0 2 1 1 1 5238 1 26190 549990 77 0 5238 58 84 26 3 2019 19 0
192 2 1 1 0 2 87.80 9 39.5100 8297100 66 0 790.20 92 74 16 3 2019 19 1
629 0 2 1 0 1 12.09 1 06045 126945 18 1 12.09 82 25 26 1 2019 18 1
559 0 2 0 0 4 7242 3 10.8630 2281230 80 2 217.26 82 87 29 3 2019 16 1
684 1 0 0 0 5 23.08 6 69240 1454040 16 2 13848 49 23 24 1 2019 19 1

900 rows x 20 columns

Figure 2. Training Data

Customer Product  Unit

Branch City type Gender line price Quantity Tax 5% Total Date Payment cogs Rating date day month year Hour Female Ma
993 1 0 1 1 1 17.49 10 87450 183.6450 45 2 17490 6.6 52 22 2 2019 18 0
859 0 2 0 0 2 4783 9 214335 4501035 15 0 42867 50 22 23 1 2019 12 1
298 0 2 0 1 4 60.01 4 120020 252.0420 17 0 240.04 45 24 25 1 2019 15 0
553 2 1 1 1 0 2221 6 66630 139.9230 86 1 133.26 86 65 i 3 2019 10 0
672 1 0 1 0 3 7341 3 11.0115 2312415 70 2 22023 40 60 2 3 2019 13 1
485 1 0 0 0 5 4949 4 98980 207.8580 72 2 197.96 6.6 o 2 3 2019 15 1
568 1 0 1 0 1 79.86 7 279510 5889710 1 1 559.02 5.5 9 10 1 2019 10 1
108 2 1 1 0 2 3398 9 152910 321.1110 75 0 305.82 4.2 82 24 3 2019 10 1
367 0 2 0 1 4 6594 4 13.1880 276.9480 75 0 263.76 6.0 82 24 3 2019 10 0
644 2 1 0 1 0 1205 5 30125 632625 38 2 6025 55 46 16 2 2019 15 0

100 rows x 20 columns

Figure 3. Testing Data
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e Visualization: Pre-processed data is visualized to
understand relationships and patterns.

e final Data Preparation: The data is formatted for
machine learning model input (Raizada & Saini,
2021).

4.2 Feature Engineering

In this step of feature engineering, redundant columns,
such as Invoice ID and Time, were removed. To convert
categorical variables to numeric representations, the
label encoding technique was applied. Finally, the data
was split info fraining and testing datasets, and the
features were normalized (Niu, 2020). Figure 4 shows the
bar plot between the product line and grossincome.

4.3 Prototyping of Model

Regression models, including XGBoost, were trained for
modeling. The XGBoost hyperparameters were tuned
using grid search (Siva & Cardoso, 2005). The model's
performance was analyzed using RMSE and R-squared
metrics.

5. Methodology

5.1Algorithms

5.1.1XGBoostAlgorithm

XGBoost (eXtreme Gradient Boosting) is an efficient and

dominant machine-learning algorithm renowned for its
performance in supervised learning tasks, particularly in
structured or tabular data and regression or classification
problems. It is related to the group of ensemble learning
fechniques, specifically gradient boosting algorithms,
which sequentially build a series of weak learners (typically
decision frees) and combine their predictions to form a
robust final model. lts key features include a highly
optimized implementation, support for parallel
processing, tree pruning techniques, and the ability to
handle missing data natively. This study aims at
developing a robust and precise model for the
forecasting of sales in the supermarket store (Kuo et al.,
2009). As in any merchandise sector, food retailers face
several issues affecting sales, such as seasonality,
geographical location, and marketing strategies. This
study is developing a predictive model for predicting
sales of products within supermarkets soon (Cumby et al.,
2004; Siva & Cardoso, 2005). The ability of retailers to
make decisions on the basis of data, effectively manage
their stocks, and improve total performance could be
improved through this model. The results of this study have
a profound impact on retailers, but it also represents an
impressive specimen of the disruption latent of advanced

Product Line Vs Gross Income
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Figure 4. Bar-Plot Between Product Line and Gross Income
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ML algorithms to deal with hard and tough problems in
everyday life. This study looks at the complexity,
capabilities, and possibilities of transforming grocery
sales forecasts for a new way through this arficle. This
paper also examines how XGBoost can change the
shopping experience by enabling measurable data on
supermarket performance and sustainability.

5.1.2 Random Forest

Random forest is widely used for classification and
regression tasks as a machine learning algorithm
(Tsoumakas, 2019). It works by creating various decision
frees during the training phase and results in the mean
prediction (regression) or mode of the classes
(classification) of separate decision trees. This study
extracts a random fragment of the training dataset for
each tree to train, which makes decisions according to its
own set of characteristics, reducing overfitting and
strengthening generalization. During forecasting, the
algorithm aggregates the predictions of each tree to
produce the outcome (Chu & Zhang, 2003). This
ensemble approach not only improves accuracy but
also provides insights info feature importance, making
Random Forest an effective tool for various predictive
modeling tasks, particularly in complex datasets with
noisy or correlated features (Ranjitha & Spandana, 2021).
Additionally, its ability to handle large datasets with high
dimensionality and maintain robustness against
overfitting contributes to its popularity in  practical
applications across diverse domains.

5.1.3Linear Regression

A linear regression method, which is based on a linear
equation for the observed data, is used for models of
relationships between dependent variables and one or
more independent variables. This study's aim is to find the
best fitline that reduces the variance between actual and
predicted values. To forecast the value of the dependent
variable based on the values of the independent
variables, this best-fit line can be used. Linear regression
aims to quantify and understand the relationship
between variables, making it a valuable tool for
prediction and inference in several areas such as

economics, business, and life sciences. The ease, clarity,
and understandability of linear regression make it a
fundamental technique in statistical analysis, serving as a
basis for more complex models and techniques. The
linear regression algorithm accepts a linear relationship
between variables and may not be appropriate for other
types of data.

5.1.4 LASSO Regression

LASSO (Least Absolute Shrinkage and Selection Operator)
is a regression fechnique that incorporates regularization
in order to improve the model's predictability and
interpretability by avoiding overfitting (Isaac et al., 2012).
In contrast to linear regression, LASSO regression
introduces a sanction term that limits the absolute size of
coefficients and thus decreases certain coefficients
toward zero. This regularization encourages simpler
models by encouraging sparsity, which means it likes to
set the value of some coefficients to exactly zero for
effective selecting variables. LASSO regression is
especially useful where the number of features is greater
than the number of observations dealing with high-
dimensional dataq, as it can automatically select the most
relevant attributes (features) while minimizing the impact
of irrelevant ones. This study makes LASSO-Regression a
powerful tool in fields like genetics, economics, and
machine learning, where feature selection and
interpretability are crucial (Odegua, 2020). However, it is
important to fine-tune the reqgularization parameter to
balance between bias and variance effectively, ensuring
optimalmodel performance.

6. Results and Discussion

6.1Performance Metrics

This study used the MAE (Mean Absolute Error) while
analyzing and estimating the model. This means the
model with a lower MAE is better. The performance
metrics as an option that a task, like an MAE, consists of
regression tasks. A good measure of model performance
is the tested and reliable metrics.

6.1.1 RMSE

The most widely used statistic to evaluate accuracy is the
Root Mean Square Error (RMSE). Predictive models, such
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as the regression models, estimate the correctness of the
model's forecasting in relation to the observed values.
RMSE is used to analyze data by quantifying the average
size of the error between projected and actual values. A
reduction in RMSE indicates an improvement in the
model's accuracy.

Root Mean Square Error can be expressed as:
N . A2
Zi:l “y(l) B y(l)H
N
Where, Nisthe numiber of data points,

RMSE = \/

y(i)is the i-th measurement,
and yi) isits corresponding prediction.
6.1.2 R-Squared

In statistics, the coefficient of determination, denoted R?
orrzand pronounced "R squared," is the proportion of the
variation in the dependent variable that is predictable
from the independent variable. The correlation between
independent and dependent variables describes the
strength of their relationship. The scale to which variance is
explained by variation between two variables has been
described by R? (R-squared). This means that if the R2 of
the model is 0.50, approximately half of the noted
changes can be attributed to inputs from these models.

The formula for calculating R-squarediis:
SSRES —1- Zi(yf _j}f)z

R*=1- 4
SS707‘ z[(yi_yi)z

Here,

The value of R? can be in between (0 and 1).

R* 1, Ittalks about the variationsin the dataset.

R* 0, No variations in the dataset.

R-square gives information about a model to be good-fit
but not necessarily provides good-fit.,

Table 2 shows the comparison of error measurements and
R squared. This study has observed that with an R-squared

Algorithm RMSE Rsquared
XG-Boost 0.187058657378 0.999753822298
Random Forest 0.741194755243 0.999961349264
LASSO 0.160394667853 0.999999877675

Table 2. Comparison of Error Measurements

of 0.608451, the XG algorithm performs best among alll
three.

Conclusion

In order to forecast sales of different supermarket
products, this study provides information on the basic
principles of machine leaming and data processing and
modeling methods. More can be used successfully and
innovatively to anticipate sales, using many occurrence
parameters and several other elements. Accuracy is
essential to predicting systems, and if the parameters
used are increased, this may lead to significant
improvements. Moreover, the productivity of the system
could beincreased by the way the submodels function.

The big retailers are striving for precise forecasts in order to
avoid losses because the accuracy of their sales
estimates has a direct impact on profitability. This study
developed a model for sales prediction of supermarket
data using the XGBoost method. The sales data from the
supermarket for a given outlet to estimate product sales.
The experiments demonstrate that, compared to
alternative methods, this approach of XGBoost results in
more accurate estimates.
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ABSTRACT
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Al is fransforming the field of investrment management by enhancing decision-making, improving operational
efficiency, and optimizing portfolio management. As the fechnology evolves, itis expected that Al will play an even more
infegral role in driving the future of investment management, offering both opportunities and challenges for traditional
asset managers. This study aims to know the most preferred artificial intelligence investing apps in investing
management and to sfudy the awareness among investors in artificial infelligence investing management. For this study,
120 invesfors were selected from Kanniyakumari district using the convenience sampling method. Primary and
secondary data were collected for this study, and SPSS fools were used to analyze the data. This study found that there is
no significant difference between gender and the awareness among investors of Al in investing management, This study
concludes that Al plays a tfransformative role in investment management by enhancing decision-making, optimizing
portfolios, and enabling personalized strategies, ultimarely driving more efficient and effective investment outcomes in
anincreasingly complex financial landscape.

Keywords: Arfificial Intelligence, Investing Management, Investing Apps, Optimizing Portfolios, Effective Investment.

INTRODUCTION investors' goals. With the turbulent, fluctuating financial

Artificial intelligence plays a significant role in investment circumstances faced by the world, investors are more

new set of information to generate stock market fimes are presenting investors with numerous investment

predictions. This ranges from market trends and prices of
various stocks 1o the performance of key investments. By
utilizing machine-learning algorithms, Al systems can
uncover patterns and relationships that may be difficult
for human investors to identify. This enables investors to
make informed and data-driven decisions (Karthika,
2023). The integration of Al into investment management
is not without challenges. Issues such as model
fransparency, ethical considerations, and regulatory
compliance must be carefully managed to ensure that
Al-driven decisions are fair, responsible, and aligned with
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options like bonds, mutual funds, saving schemes, stocks,
gold, etc. Many people have no idea about how to invest
and where. The advanced technology, i.e., arfificial
intelligence, provides valuable information about various
stock options and previous years investment
performances, which will help the investors identify
potential investment opportunities (Lalitha, 2024). Al is
fransforming the field of investment management by
enhancing decision-making, improving operational
efficiency, and optimizing portfolio management. As
financial markets grow more complex, the ability to
process vast amounts of data quickly and accurately has
become critical. As Al continues to evolve, itis essential for
investment managers 1o balance the benefits of these
advanced technologies with a responsible approach
that addresses potential risks.
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1. Literature Review

Liu (2023) investigated the investment principles of
enterprise annuities and further studied the investment
management of enterprise annuities. The study results
show that the strength of preferential tax policies is
insufficient, and by increasing the types of portfolios, it
enriches the choices of employees. It suggested that the
central and local governments should perfect the legal
system 1o provide legal guarantee for the development
of enterprise annuities. The study concluded that in order
to promote the development of enterprise annuities,
strengthen the investment management of entferprise
annuities, and improve the income of enterprise
annuities.

Cao (2024) aimed to safeguard against Al exploitation in
e-commerce investment management. The results show
that the possible abuses of Al in e-commerce investment
include market manipulation, fraud, front-running, data
overfitting, and market impact. The study concluded that
regarding the "White Paper on Al' and the establishment
of an ecosystem of excellence to facilitate the
development and implementation of artificial
intelligence in the economy and public administration
throughout the European Union, creating a trustworthy
ecosystem should help guide the ethics of reliable Al.

2. Statement of Problem

The rapid integration of Artificial Inteligence (Al) info
investment management has revolutionized the industry,
offering unprecedented opportunities for enhanced
decision-making, efficiency, and profitability. This
technological advancement presents significant
challenges. As aresult, it is essential to explore how Al can
be effectively leveraged to enhance investment
outcomes while addressing potential challenges, these
concems and ensuring that both insfitutional and
individual investors can benefit from its potential. This
study aims to analyze the role of Al in investment
management comprehensively.

3. Objectives of the Study

e TJo study the awareness among investors of Al in
investing management.

e To know the most preferred Al investing apps in
investing management.

4.Research Methodology

In consideration of the objectives, the methodology has
been adopted for conducting this study. Respondents
have been selected from the population as per
convenience. Data has been collected from 120
respondents from Nagercoil City, Tamil Nadu, India. The
sampling method used in this study was convenience
sampling.

4.1Data Source

This study is both descriptive and analytical in nature, and
hence both primary and secondary data have been
used for this study.

4.2 Socio-Economic Status of the Respondents

Table 1 shows the socio-economic stafus of the
respondents, such as gender, age, educational
qudlification, monthly income, marital status, nature of
family, and area of residence.

Table 1 shows that the majority of the respondents gender
ismale (70 percent). The maijority of the respondents were
in the age group of 41-60 years (30.8 percent). 39.2
percent of the respondents were postgraduates. It also
shows that 36.7 percent of the respondents eamn a
monthly income of Rs 41,000-Rs 60,000, 68.3 percent of
the respondents were married, and 62.5 percent were
from nuclear families. Most of the respondents were from
urban areas, with 76.66 percent.

4.3 Awareness among Investors on Al in Investment
Management

The awareness among investors about Al in investment
management is driving a shift towards more data-driven,
automated strategies that promise increased efficiency,
reduced bias, and enhanced portfolio performance.

Table 2 shows the result of an independent sample 'f' test
on awareness among investors of Al in investing
management. Capacity and limitations, transparency,
regulatory concerns, performance monitoring, robot-
advisors, portfolio optimization, and data privacy and
security are the variables of awareness among investors

36 i-manager’s Journal on Data Science & Big Data Analytics, Vol. 2 ¢ No. 2 e December 2024




RESEARCH PAPERS

on Alininvesting management. Since the P value is higher
than 0.05, the null hypothesis is accepted at the five
percent level of significance. There is no significant
difference between gender and awareness among

Variables Demographical Factors No. of Respondents Percentage
Gender Male 84 70
Female 36 30
Total 120 100
Age Below 20 Years 19 15.8
21- 40 Years 34 28.3
41- 60 Years 37 30.8
61 Years and Above 30 25.0
Total 120 100
Education Upto HSC 13 10.8
Qualification Graduate 41 34.2
Post-Graduate a7 39.2
Professional 19 15.8
Total 120 100
Monthly Below Rs. 20,000 18 15
Income Rs. 21,000-Rs. 40,000 32 26.7
Rs. 41,000-Rs. 60,000 44 36.7
Rs. 61,000 and Above 26 21.6
Total 120 100
Marital Married 82 68.3
Status Unmarried 38 31.6
Total 120 100
Nature of Nuclear 75 62.5
Family Joint 45 37.5
Total 120 100
Area of Rural 28 23.22
Residence Urban 92 76.66
Total 120 100

Source: Pimary Data

Table 1. Socio-Economic Status of the Respondents

Mean .
. Sig.
SI.No Awareness Male Female T [¢]

1 Capacity and Limitations 3.1071  3.3056 .689 493
2 Transparency 3.56357 3.5833 .183 .856
3 Regulatory Concerns 3.4242 3.3704 217 .829
4 Performance Monitoring 3.6357 3.6111 301 .765
5 Robot-Advisors 3.56833  3.5000 372 711
6 Portfolio Optimization 3.5714  3.6111 154 .878
7 Data Privacy and Security 3.3611  3.3611 1.379 172

Source: Primary Data
Significant at & Percent Level

Table 2. Awareness among Investors

investors on Al in investing management. Table 3 shows
the awareness among investors. As shown in Table 2, it is
understood that the respondents are aware of "capacity
and limitations." It was ranked first among the 7 factors,
with a mean score value of 4.14. "Performance
Monitoring" was ranked second with a mean score of
4.083. This study also reports that "transparency" was
ranked third with a mean score of 3.675. "Porifolio
Optimization" was ranked fourth with a mean score of
3.66. "Data Privacy and Security" was ranked fifth with a
2.91 mean score. "Robot-Advisors" was ranked sixth with a
mean score of 2.875. "Regulatory Concerns" has the least
rank of ninth position with the mean score of 2.625.

4.4 Most Preferred Al Investing App in Investment
Management

An Al investing app in investment management
leverages advanced algorithms and machine leamning to
analyze market trends, optimize portfolios, and provide
personalized investment strategies, enhancing decision-
making for both novice and seasoned investors.

Table 4 shows Betterment got the first rank with a Garret
mean score of 52.42. The second rank was Wealthfront
with a Garret mean score of 52. The third rank was given to
Robinhood with a Garret mean score of 51.82. It was
followed by Ziggma, Tickeron, and Empower with fourth,
fifth, and sixth rank positions with the mea score of 51.18,
50.56, and 50. Upstox got the least ranked on the most
preferred Al investing app in investing management,
ranked in seventh position with a mean Garret mean
scoreof 48.77.

5. Findings
o The maijority of the respondents's gender is male, and
the majority of the respondents were under the age

Awareness Strongly Agree Agree Neutral Disagree Strongly Disagree Total Score Mean Score Rank
Capacity and Limitations 55(275) 47(188) 4(12) 8(16) 6(6) 497 4.14 |
Transparency 42(210) 28(112) 24(72) 24(72) 5(5) 441 3.675 Il
Regulatory Concerns 10(50) 36(144) 8(24) 31(62) 35(35) 315 2.625 Vil
Performance Monitoring 58(290) 40(160) 6(18) 6(12) 10(10) 490 4.083 I
Robot-Advisors 23(115) 34(136) 9(27) 13(28) 41(41) 345 2.875 \
Portfolio Optimization 32(160) 55(220) 5(15) 17(34) 11(11) 440 3.66 [\
Data Privacy and Security 34(170) 11(44) 7(21) 47(94) 21(21) 350 291 \

Source: Primary Data

Table 3. Awareness among Investors
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SI.No Particulars Garrett Mean Score Rank

1 Betterment 52.42 |

2 Robinhood 51.82 I
3 Wealthfront 52 Il

4 Upstox 48.77 VI
5 Ziggma 51.18 I\
6 Tickeron 50.56 \
7 Empower 50 Vi

Source: Primary Data
Table 4. Most Preferred Al Investing App
group of 41-60 years, and 39.2 percent of the
respondents were postgraduates. It also shows that
36.7 percent of the respondents earn a monthly
income of Rs. 41,000-Rs. 60,000, 68.3 percent of the
respondents were married, and 62.5 percent were
from nuclear families. Most of the respondents were
from urban areas, with 76.66 percent.

¢ This study found that there is no significant difference
between gender and the awareness among
investors of Alin investing management.

¢ Investors were highly aware about the capacity and
limitations of Al in investment management, and
regulatory concerns have the least awareness
among investors.

e Befterment got the first rank with a Garret mean score
of 52.42. The second rank was Wealthfront with a
Garret mean score of 52. The third rank was given to
Robinhood with a Garret mean score of 51.82. Upstox
gotthe least ranked on the most preferred Al investing
app in investing management, ranking in seventh
position withamean Garret mean score of 48.77.

6.Suggestions

e Thereisachance of unlicensed investing apps, which
can lead to fraud and scams, a lack of
accountability, data privacy concermns, and legal
risks. Therefore, it is suggested to make sure that is a
legitimate site before making any investment
management.

e The government must develop comprehensive Al
investment training programs and promote public
awareness campaigns for the public to know about
the use of Al investing apps for investment
management.

e Al investing apps must provide proper educational
materials, transparency reporting, and collaboration
with legal and regulatory experts so that it may be
easy for the investors 1o understand and to be more
aware about the regulatory concern.

e This study shows that Upstox has secured the least
rank, as the investors feel technical glitches and
customer support response time to be slow. Another
major drawback s that, compared to other platforms,
Upstox might offer fewer educational resources or
tutorials. It is suggested that they must improve
platform stability and enhance customer support.

Conclusion

This study explores the role of arfificial intelligence in
investment management. It emphasizes the importance
of verifying the legitimacy of platforms before engaging
in investment activities. To benefit investors, the
government should develop comprehensive Al
investment training programs and promote public
awareness campaigns. This study also covers investor
awareness and identifies the most preferred Al-driven
investment apps in the field of investment management.
Future research could focus on enhancing prediction
techniques, supporting risk and compliance
management, integrating ESG factors, democratizing
access, addressing ethical concerns, enabling real-time
decisions, and improving collaboration with human
expertise. This study concludes that Al plays a
fransformative role in investment management by
enhancing decision-making, optimizing portfolios, and
enabling personalized strategies, ultimately driving more
efficient and effective investment outcomes in a
complexfinanciallandscape.
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Forest fires pose significant threafs fo forest ecosystems, impacting humans, animals, and plants reliant on these
environments. Traditional detection methods rely on handcrafted features like color, motion, and fexture, yet achieving
accuracy remains challenging. This study infroduces a novel approach using a lightweight fire defection method
employing Deep Convolution Neural Networks (DCNN), considering temporal aspects for enhanced accuracy. By
leveraging DCNN, this study aims to improve forest fire detection capabilities, mitigating the devastating effects of
wildfires on both natural habifats and communities. This method represents a promising advancement in the field,
offering potential solutions to the ongoing challenge of timely and accurate forest fire detection.

Keywords: DCNN, Lightweight Fire Detection, Forest Fire, Fire Prediction, Al Model, Traditional Defection Methods, Natural
Habitats.

INTRODUCTION advantages, such as fast and easy deployment,

Wildfires have significantly damaged the natural operation convenience, and application-customized

environment and the global economy. The destruction of imaging with adjustable resolution, quality, and angle of

homesl businessesl and infrosTrucTurel and domoge to view while m|n|m|2|ng human intervention. It is a reliable

wildlife, forests, crops, soil erosion, and air quality have
resulted in billions of dollars in financial losses. Effective
wildfire detection and monitoring systems have been
considered integral to future smart communities to
maintain public safety, protect the environment, and
preserve natural resources. In addition to utilizing
fraditional wildfire monitoring systems based on ground or
tower observations, there has been a rising tendency
tfoward using advanced technology such as satellite
imagery, which has shown a great potential for more
efficient fire management. Among alternative
tfechnologies, camera monitoring systems offer several

P
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technology to assist fire management teams in more
efficient and informed fire management. Other studies
carried out fire detection only by colorreference.

The characteristic of fire with a reddish-yellow color is
considered to distinguish fire from other objects. In the
Red, Green, Blue (RGB) values of the images were
analyzed. The object with the highest R-value component
was determined as a fire area candidate. Other color
spaces can also be used as areference for detecting fire;
for example, the YCbCr color space is used. In the study,
YCbCr was able to overcome the weakness of RGB.
YCbCr can detect fire in images with significant changes
inillumination, whichis difficult for RGB. In the Early Warning
System, the speed of the process is crucial in responding
quickly to any detected abnormal events. Because of this
requirement, the integrated fire detection module must
run in realtime but still maintain performance. Therefore,
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this study proposed a real-time fire detection based on a
combination of novel color-motion features and
machine learning to achieve real-time processing and
high accuracy in performance. Deep learning
techniques have achieved excellent results in the field of
machine vision. Deep learning has the characteristics of
strong leaming ability, strong adaptability, and good
portability (Shamta & Demir, 2024). It can discover the
intricate patterns in massive data by using a series of
processing layers. Therefore, an increasing number of
researchers have tried to use deep learning technology in
the field of fire or smoke detection and have developed
and designed many algorithms (Jadon et al., 2020).

1. Related Works

Jiao et al. (2019) proposed forest fire spread prediction
with  spatially explicit models, which offers precise
mapping of fire behavior, facilitating targeted resource
allocation and evacuation planning. Additionally, these
models enable proactive measures to mitigate fire risks
by identifying vulnerable areas and optfimizing
suppression efforts.

Preeti et al. (2021) proposed building predictive models,
enabling early detection and proactive mitigation
strategies. These approaches offered scalability and
adaptability, allowing for continuous improvement and
refinement based on evolving environmental factors.

Ranjani et al. (2023) proposed wide-area coverage and
real-time data acquisition, enabling rapid detection and
response to fire outbreaks. Additionally, these methods
offer multispectral analysis capabilities, allowing for the
identification of subtle changes in vegetation health and
temperature indicative of fire activity.

Bot and Borges (2022) proposed a forest fire prediction
that offers insights intfo the influence of meteorological
conditions on fire behavior, aiding in accurate
forecasting and risk assessment. They enabled proactive
planning and resource allocation, enhancing
preparedness and response strategies to mitigate the
impact of wildfires.

Zhang et al. (2022) suggested that enhancing forest fire
prediction through crowdsourcing and citizen science

harnesses the power of community involvement for real-
fime data collection and early detection, augmenting
fraditional monitoring methods. The approach fosters
greater public awareness and engagement, facilitating
more effective wildfire management and response
efforts.

2. System Model

The current forest fire system is in watch towers, and
humans are made to observe the location throughout. If
any fire occurs, it is reported (Yandouzi et al., 2023).
However, accurate human observation may be limited
by operator fatigue, time of day, time of year, and
geographic location, and in a wireless sensor-based fire
detection system, coverage of large areas in forests is
impractical due to the requirement of regular distribution
of sensors in close proximity, and also battery charge is a
big challenge.

2.1Disadvantages

e Human Observation Towers: These serve as critical
vantage points but have limitations in forest fire
prediction systems.

e Satellite Scanning: Forest fire prediction primarily
relies on two satellites, limiting comprehensive
coverage and analysis.

e Farth Scanning Duration: A complete scan of the
Earth takes 2 days.

e Counting Problem: Issues arise in accurately
counting and monitoring potential fire sources.

e lack of Fire Forecasting: There is no forecasting
capability forearly fire detection.

2.2 Proposed System

o ADeep Convolutional Neural Network (DCNN) model
is proposed.

e The proposed method uses a Region Proposal
Network (RPN) to detect suspected regions of fire
(SRoFs) and non-fire regions based on their spatial
features.

e The Gray Level Co-occurrence Matrix (GLCM) is used
to extract fire-related features.

e A Convolutional Neural Network (CNN) is used to
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classify the images into two classes: 1 (Fire) and O (No
Fire).
2.3 Advantages
e Highlevel of accuracy.
e High classification accuracy with reduced false
alarmrates.
e Fastresponsetofires.
o Thelocation of fire is detected.
e |t can be used for outdoor places which covers large
areq.
Forest fire prediction and detection involve data sources
such as satellite imagery, weather sensors, and
environmental monitoring stations (Kim & Muminov,
2023). Pre-processed data is fed info machine learning
algorithms, including convolutional neural networks
(CNNs)and decision trees, to frain predictive models.
These models analyze historical data and current
conditions to predict the likelihood and spread of forest

fires. Simultaneously, real-time data streams enable
continuous monitoring and updating of the predictive
models. Figure 1 shows the Forest Fire Prediction
Architecture.

The detection module employs image processing
techniques and machine leaming algorithms to identify
potential fire hotspots in satellite imagery. An alerting
system notifies relevant authorities and stakeholders upon
fire detection. A dashboard interface provides
visualization of prediction results, aiding in decision-
making and resource allocation. Cloud infrastructure
supports the system's scalability and flexibility, ensuring
seamless operation.

Feedback loops enable continuous leamning and
optimization of the predictive models. This architecture
offers a comprehensive framework for proactive forest fire
prediction and detection, minimizing the impact of

wildfires on ecosystems and communities (Wahyono et
al., 2022).

Testing Phawe

Figure 1. Forest Fire Prediction Architecture
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3. Proposed Work
3.1Fire Detect APl Application

The Forest Fire Prediction System created the application
portal, which provides an inferface for general users,
manufacturers, and the fire service, while this service
serves as a link between the fire and the camera. It is the
backing store for the entire system. It informs firefighters
nearby of the detected fires and enables the rescue
team. Figure 2 shows the fire detect APl application.

3.1.1 Dataset Annofation

Dataset annotation in forest fire prediction involves
labeling data points with relevant information, facilitating
the fraining of machine leamning models for accurate fire
detection and prediction. Figure 3 shows the data
annotation.

3.1.2 Pre-Processing

Fire image preprocessing are the steps taken to format
images before they are used by model fraining and
inference. Pre-processing steps were applied to all the
raw input images to convert them into clean versions.
Figure 4 shows the preprocessing.

[ ot s

End User or Admin ;

3.1.3 Fire Detection Segmentation

Fire detection segmentation in forest fire prediction
entails identifying and delineating fire-affected regions
within imagery or data, enabling precise mapping and
analysis for enhanced prediction and response
strategies. Figure 5 shows the fire detection
segmentation.

3.1.4 Feature Extraction

Feature exiraction in forest fire prediction involves
identifying and quantifying relevant characteristics from
data sources such as satellite imagery or weather data to
enhance the accuracy of predictive models. Figure 6
shows the feature extraction.

3.1.5 Classification

Classification in forest fire prediction involves categorizing
data points orregions into distinct classes, such as fire and
nonfried areas, using machine learning algorithms to
facilitate accurate identification and prediction of fire
occurrences. Figure 7 shows the classification.

3.1.6 Prediction

In this module, a live video frame will be compared with

Web Ul

Storage

Figure 2. Fire Detect API Application

Web Camera or CCTV

Prediction

I‘

Figure 3. Data Annotation
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Figure 6. Feature Extraction
reference images from video of the subject for each 3.1.7 Nofification
class, and an Eigen vector is used to predict fire. Figure 8 Notification in forest fire prediction entails timely
shows the prediction. dissemination of alerts and wamings to relevant
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authorities and communities based on predictive models
and real-time monitoring, enabling prompt response and
mitigation efforts. Figure 9 shows the notification.

4. Discussion

This paper infroduces an innovative generative Al model
for forest fire prediction and detection, primarily
employing a Deep Convolutional Neural Network (DCNN)
to enhance real-time monitoring and detection of wildfire
risks. This proposed method uses Region Proposal Network
(RPN) to detect the suspected regions of fire (SRoFs) and of
non-fire based on their spatial features, and Gray-Level
Co-Occurrence Matrix (GLCM) is used to exiract the

Fire Detected -——

features of fire. SROFs based on spatial characteristics,
increasing detection speed while maintaining high
accuracy. GLCM is used for feature extraction, it
enhancesthe model's ability fo discern fire characteristics
from non-fire elements, reducing false positives. This
model categorizes data into fire and non-fire regions,
facilitating efficient response coordination with
immediate notifications to relevant authorities.

5. Future Research Directions

Feature extraction in forest fire prediction involves
identifying and quantifying relevant characteristics from
data sources such as satellite imagery or weather data to

- —— e ————————

Rescue team

Fire Services

I‘- I--I

Rangers

Figure 9. Notification
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enhance the accuracy of predictive models.
Conclusion

There are different kinds of industries, residents, and forest
areas that present specific risks 10 experiencing a fire
incident. Addressing the fire recognition model in a multi-
label approach is affordable to implement a more
specific early vision-based alert system. An intelligent fire
risk monitoring system is built to monitor the basic fire risk
factors and obtain fire risk data in real-time. This paper
presents a deep learning-based, unsupervised method
for wildfire segmentation and detection. It is sensitive o
small-scale fires as it reduces the omissions of forest fire
point monitoring, enabling fimely identification of fires in
the early stage, and gaining valuable time for firefighting
andrescue.
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