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Abstract: Fraud detection is a critical challenge in today's data-driven world, requiring precise and effective techniques to identify and
mitigate fraudulent activities across industries. This paper provides a comprehensive overview of advanced classification techniques
employed in fraud detection, highlighting their strengths and limitations. We delve into traditional methods, such as logistic regression
and decision trees, as well as more sophisticated approaches like ensemble techniques and deep learning models. The paper also outlines
a systematic methodology for building a robust fraud detection framework, from data preprocessing and feature engineering to model
evaluation and deployment. Emphasizing practical strategies and real-world applications, this study aims to equip organizations with the
knowledge to proactively detect and combat fraud, ultimately safeguarding their operations and enhancing trust in their systems.
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1. Introduction

Fraud detection has become a pressing concern in various
sectors, from finance and e-commerce to healthcare and
telecommunications. With the exponential rise in online
transactions and digital interactions, the complexity and
sophistication of fraudulent activities have also increased.
Fraud not only leads to significant financial losses but also
undermines consumer trust and tarnishes brand reputation. To
address this challenge, organizations are turning to advanced
classification techniques and data-driven strategies to identify
and mitigate fraudulent behavior. These techniques enable
them to detect anomalies in vast datasets, respond in real-
time, and strengthen their risk management processes.

This paper aims to provide a comprehensive overview of the
data, labeling approaches, classification techniques, and
methodologies used in fraud detection. We explore various
data sources that can be leveraged to build robust fraud
detection models, emphasizing the importance of data quality
and the challenges associated with data preprocessing. Proper
data labeling is crucial in distinguishing between fraudulent
and legitimate activities, and we outline the best practices for
creating labeled datasets that drive accurate model training
and validation. By understanding these foundational steps,
organizations can develop models that are not only accurate
but also scalable and adaptive to evolving fraud tactics.

The core of this study focuses on the classification techniques
and methodologies employed to identify fraudulent patterns.
We delve into both traditional methods like logistic
regression, decision trees, and support vector machines, as
well as more advanced approaches such as ensemble learning
and deep neural networks. Each technique is analyzed in
terms of its strengths, weaknesses, and suitability for different
types of data and fraud scenarios. This detailed exploration
provides insights into how these techniques can be applied
effectively in various industry contexts, helping organizations
choose the most appropriate model based on their specific
needs.

The objective of this paper is to equip organizations and
practitioners with a clear understanding of the end-to-end

process of building a fraud detection framework. This
includes data collection, feature engineering, model selection,
and evaluation, as well as the trade-offs between different
methodologies. By highlighting the pros and cons of each
technique, this paper offers practical guidelines on how to
optimize model performance while minimizing false
positives and false negatives. Ultimately, the goal is to
empower organizations to make informed decisions in their
fraud detection strategies, enabling them to stay ahead of
increasingly sophisticated fraudsters.

2. Literature Review

Fraud detection has been a focal area in the field of data
science and analytics for several decades, with traditional
techniques initially dominating the landscape. Early efforts
relied on rule-based systems and statistical models like
regression analysis, which were straightforward and
interpretable. Bolton and Hand (2002) were among the first
to discuss the limitations of statistical approaches,
emphasizing their inability to adapt to new fraud patterns.
Similarly, Fawcett and Provost (1997) illustrated how these
traditional models often suffer from high rates of false
positives and false negatives when dealing with the
complexities of evolving fraud tactics.

As data availability and computational power increased, the
focus shifted to machine learning techniques, where
supervised learning methods like logistic regression, decision
trees, and support vector machines (SVM) became popular.
Ngai et al. (2011) conducted an extensive survey on data
mining techniques used for fraud detection, highlighting the
rise of these algorithms due to their capacity to learn from
data and identify patterns indicative of fraudulent behavior.
However, these methods often faced challenges with
imbalanced datasets, where the number of fraudulent cases
was significantly lower than legitimate transactions, as noted
by Phua et al. (2005).

In response to these limitations, ensemble learning techniques
like Random Forest, Gradient Boosting Machines (GBM),
and XGBoost emerged as powerful tools in the fight against
fraud. Breiman (2001) introduced the concept of Random
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Forests, demonstrating their effectiveness in reducing model
variance and improving classification accuracy. Chen and
Guestrin (2016) further popularized XGBoost, showing its
superior performance in handling high-dimensional data and
its ability to boost model accuracy through gradient boosting
techniques. More recent studies, such as the work by Bauder
and Khoshgoftaar (2018), have confirmed that ensemble
methods consistently outperform individual classifiers in
fraud detection scenarios. Deep learning techniques have also
found their place in fraud detection, with researchers
exploring neural networks, Convolutional Neural Networks
(CNNSs), and Recurrent Neural Networks (RNNs) to tackle
increasingly sophisticated fraud strategies. Goodfellow et al.
(2016) provided a foundational understanding of deep
learning architectures, underscoring their ability to model
complex non-linear relationships. Carcillo et al. (2019)
demonstrated that RNNs, in particular, are well-suited for
sequential data analysis, such as transaction histories, which
is critical for time-dependent fraud detection. However, they
also noted the challenges of interpretability and the high
computational costs associated with deploying these models
in production environments.

Hybrid models represent another evolving area in fraud
detection research, where multiple classification techniques
are combined to enhance prediction accuracy and reduce false
positives. Van Vlasselaer et al. (2015) proposed a hybrid
approach that integrates social network analysis with
traditional machine learning models, leading to significant
improvements in  the detection of fraud in
telecommunications. These hybrid systems provide a
balanced approach, leveraging the strengths of various
models to adapt quickly to new types of fraud. The success of
these approaches indicates a promising direction for future
research in creating more agile and resilient fraud detection
frameworks.

3. Methodology

Building an effective fraud detection framework requires a
systematic approach that focuses on data integrity, model
accuracy, and adaptability to new fraud patterns. Here, we
provide a detailed examination of each component involved
in the methodology: labeling, data preparation, classification
techniques, deployment, A/B testing, and continuous
monitoring.

Machine
Learning

life-cycle

Deployment

Figure 1: ML process life cycle

1) Labeling

Labeling is the foundational step in developing a fraud

detection system. It involves the process of assigning a

"fraud" or "non-fraud" label to each transaction or data point

in the historical dataset. This step is crucial because the

accuracy of the model's predictions depends heavily on the
quality of the labeled data. Labeling can be done in several
ways:

« Manual Labeling: In this approach, subject matter experts
manually review transaction data to classify cases as
fraudulent or legitimate based on their knowledge, existing
rules, and patterns they have observed in past cases. This
method is often the most accurate but also the most time-
consuming and expensive.

« Automated Labeling: Automated systems use predefined
business rules or heuristics to label data. For example,
transactions from high-risk geographies or multiple failed
login attempts from the same IP address may be
automatically labeled as potential fraud. While faster,
automated labeling can lead to inaccuracies if the rules are
not frequently updated.

« Semi-Supervised Labeling: This hybrid approach combines
both manual and automated methods. Initial labeling is
done automatically, followed by a manual review to
validate and correct the labels. This approach ensures
higher accuracy while maintaining efficiency.

Challenges in labeling include the possibility of biased labels,
mislabeled instances due to incomplete knowledge, and the
presence of ambiguous cases that fall into a gray area between
fraud and non-fraud. Overcoming these challenges requires
continuous collaboration with domain experts and iterative
refinement of labeling criteria.

2) Data Preparation

Data preparation is a critical phase that ensures the dataset

used for model training is clean, consistent, and structured for

optimal performance. Key steps involved in data preparation
include:

o Data Cleaning: This step involves handling missing
values, duplicates, and errors in the data. Missing values
can be addressed through techniques such as imputation
(using mean, median, or mode) or by removing
incomplete records if they represent a small portion of the
dataset.

« Data Transformation: Data transformation includes
normalization or standardization of numerical variables to
ensure that all features contribute equally to the model.
Categorical variables are often encoded using methods
like one-hot encoding or label encoding to convert them
into numerical representations.

o Feature Engineering: Feature engineering involves
creating new variables (features) from the existing data
that can provide better predictive power for fraud
detection. Examples of features might include transaction
frequency, average transaction size, velocity of account
changes, or location-based anomalies. Crafting these
features requires deep domain knowledge to understand
what indicators are most likely to signal fraudulent
behavior.

« Handling Class Imbalance: Fraud detection datasets are
typically imbalanced, with far more legitimate
transactions than fraudulent ones. To address this,
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techniques like Synthetic Minority Over-sampling
Technique (SMOTE) or Random Under-Sampling are
used to create a more balanced dataset that prevents the
model from becoming biased toward the majority class.

3) Techniques and Classification Models

Fraud detection involves the use of various machine learning
techniques to classify transactions as either fraudulent or
legitimate. Each technique has its unique strengths,
weaknesses, and mathematical foundations. Here’s a detailed
examination of some common machine learning techniques
used in fraud detection, including their mathematical
equations, pros and cons, ideal use cases, and specific fraud
scenarios where they can be effectively applied.

a) Logistic Regression

Overview: Logistic Regression is a statistical method used for
binary classification. It predicts the probability that a given
input belongs to a particular category.
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Figure 2: Logistic Regression Classifier

Mathematical Equation: The logistic regression model uses
the logistic function to map predicted values to probabilities.
The equation is given as:

P(Y=1IX)=1/(1+e—(BO+B1 X1+P2X2+...+pnXn))

Where:

P(Y=1|X) is the probability of the positive class (fraudulent).
B0 is the intercept.

Bi are the coefficients of the features Xi

e is the base of the natural logarithm.

Pros:

« Simple and interpretable.

« Outputs probabilities, providing a measure of certainty in
predictions.

o Works well when the relationship between the features
and the target variable is approximately linear.

Cons:

« Assumes a linear relationship between the independent
variables and the log-odds of the dependent variable.

« Prone to underfitting if the data has complex relationships.

« Sensitive to outliers.

Ideal Use Cases:

« Effective when the relationship between features and the
target variable is linear.

« Works best with a balanced dataset.

Fraud Use Cases:

o Credit card fraud detection where certain characteristics
(like transaction amount and frequency) can be linearly
correlated with fraudulent behavior.

o lIdentifying fraudulent loan applications based on
applicant characteristics.

b) Decision Trees

Overview: Decision Trees are non-linear models that split the
data into subsets based on feature values. The splits are based
on feature importance, leading to a tree-like structure.

Figure 3: Decision Tree Classifier

Mathematical Equations: The split criteria often use measures
like Gini impurity or information gain. For Gini impurity, the
equation is:

Gini(D) =1— ) iiPi?

i=1

Where:

D is the dataset.

C is the number of classes.
pi is the proportion of class
i instances in the dataset.

Pros:

« Easy to interpret and visualize.

« Can handle both numerical and categorical data.

e Robust to outliers and can capture non-linear
relationships.

Cons:

« Prone to overfitting, especially with deep trees.

« Sensitive to small variations in the data, leading to
different tree structures.

Ideal Use Cases:

« Works well with datasets having complex relationships
and non-linear patterns.

« Suitable for both classification and regression tasks.

Fraud Use Cases:

« Detecting fraudulent insurance claims based on various
factors like claim amount, claim type, and claim history.

« lIdentifying account takeover fraud by analyzing patterns
in user behavior and account activity.
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4) Random Forest

Overview: Random Forest is an ensemble method that
combines multiple decision trees to improve model accuracy
and control overfitting. Each tree is built using a subset of the
data and a random subset of features.
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Figure 4: Random Forest Classifier

Mathematical Equations: The final prediction is obtained by
averaging the predictions of all trees for regression tasks or
using majority voting for classification:

i=1

Where:

¥ is the predicted value.

Ti(X) is the prediction from the ith tree.
N is the total number of trees.

Pros:

o Reduces overfitting compared to individual decision
trees.

« Handles high-dimensional data well.

o Provides feature importance scores,
interpretability.

allowing for

Cons:

« More complex and less interpretable than single decision
trees.

e Can be computationally expensive and require more
memory.

Ideal Use Cases:

o Works well with large datasets and a mixture of feature
types.

o Suitable for scenarios where interpretability is less
critical than accuracy.

Fraud Use Cases:

« Detecting credit card fraud by aggregating multiple
features, such as transaction history, location, and device
information.

o ldentifying fraudulent user registrations based on
historical user behavior and attributes.

5) Gradient Boosting Machines (GBM)

Overview: Gradient Boosting Machines are another ensemble
method that builds trees sequentially, where each tree aims to
correct the errors of the previous one.
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Figure 5: GBM Classifier

Mathematical Equations: The model can be expressed as:
F(x) = Fn_q (x) + yhn(x)

Where:

F(x) is the predicted value.

F,,_1(X) is the prediction from the previous iteration.
v is the learning rate.

h,,(X) is the newly added tree.

Pros:

o High predictive accuracy, often outperforming other
algorithms.

« Can handle various types of data and distributions.

o Flexible and allows for customization (e.g., loss
functions).

Cons:

« More prone to overfitting if not tuned properly.
« Slower to train compared to Random Forest.

« Less interpretable than simpler models.

Ideal Use Cases:

« Effective in competitions and scenarios requiring high
performance and accuracy.

« Works well when features have complex interactions.

Fraud Use Cases:
o Detecting fraud in online transactions by analyzing

patterns across different features, such as user
demographics, transaction  history, and device
information.

« ldentifying fraudulent claims in healthcare insurance
based on claims data and patient history.

6) Neural Networks

Overview: Neural Networks are a class of models inspired by
the structure of the human brain. They consist of layers of
interconnected nodes (neurons) that can learn complex
patterns from data.
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Fig. 6 Neural Network Classifier
Mathematical Equations: A simple feedforward neural
network can be expressed as:

y=f(W-x+Db)

Where:

y is the output.

f is the activation function (e.g., sigmoid, ReLU).
W is the weight matrix.

X is the input vector.

b is the bias vector.

Pros:

« Capable of learning complex, non-linear relationships in
large datasets.

« Highly flexible and can be adapted to various tasks (e.g.,
image recognition, time series analysis).

« Can automatically learn feature representations from raw
data.

Cons:

o Requires large amounts of data to perform well.

o Can be prone to overfitting if not regularized properly.

o Less interpretable than other models, making it harder to
understand decision-making.

Ideal Use Cases:

« Effective in scenarios with large datasets and complex
relationships.

o Works well in tasks requiring pattern recognition, such as
image or speech recognition.

Fraud Use Cases:

« Analyzing transaction sequences to detect fraudulent
behavior over time.

« ldentifying complex patterns in claims data in insurance,
such as fraudulent claims based on user history and
behavioral analysis.

a) Model Evaluation

Model evaluation is a vital step in the machine learning
lifecycle, especially in the domain of fraud detection, where
the stakes are high, and the cost of misclassifying transactions
can be significant. The primary objective of model evaluation
is to assess how well a model can generalize to unseen data.
This involves comparing predicted outcomes against actual
outcomes to measure the model's effectiveness in identifying
fraudulent transactions. To achieve this, a combination of
evaluation techniques and performance metrics is employed,
allowing data scientists to make informed decisions about
model selection and tuning.

One of the most commonly used evaluation techniques is
cross-validation, which divides the dataset into multiple folds
to ensure that every observation is used for both training and
validation. This method mitigates the risk of overfitting and
provides a more reliable estimate of the model's performance.
Additionally, it helps in tuning hyperparameters by allowing
for a robust assessment of how changes in model settings
affect performance. Alongside cross-validation, performance
metrics such as precision, recall, and the F1 score are critical
for understanding the model's strengths and weaknesses.
These metrics offer insights into the model's ability to
correctly identify fraudulent cases while minimizing false
positives, which is particularly important in fraud detection
scenarios where the cost of false alarms can strain resources
and damage customer trust.

Precision: Measures the proportion of true positive
predictions (correctly identified frauds) to the total positive
predictions (both true and false positives). High precision
indicates that when a model predicts fraud, it is likely to be
correct.

Precision = TP/(TP + FP)

Recall (Sensitivity): Indicates the ability of the model to find
all relevant instances of fraud. It measures the proportion of
true positives to the total actual positives (true positives plus
false negatives). High recall means that most fraud cases are
detected.

Recall = TP/(TP + FN)

F1 Score: The harmonic mean of precision and recall,
providing a single score that balances both metrics. It is
particularly useful in scenarios with imbalanced classes.

F1 = 2% Precision * Recall /(Precision + Recall)

ROC-AUC: The Receiver Operating Characteristic curve
plots the true positive rate against the false positive rate at
various thresholds. The Area Under the Curve (AUC)
provides a measure of the model’s ability to discriminate
between the positive and negative classes. An AUC of 1
indicates perfect classification, while an AUC of 0.5 suggests
no discrimination.

Ultimately, effective model evaluation ensures that fraud
detection systems are not only accurate but also reliable and
robust in real-world applications. By continuously monitoring
performance and adapting to new fraud patterns,
organizations can enhance their ability to combat fraud and
protect their assets. Regular evaluation of the model against a
holdout test set or through ongoing monitoring post-
deployment further refines its predictive capabilities,
ensuring that it remains effective in the ever-evolving
landscape of fraudulent activities.

b) Model Deployment

Once the fraud detection model is trained and validated, the

next step is to deploy it in a real-world production

environment. Key considerations during deployment include:

« Scalability: The model should be designed to handle high
transaction volumes with minimal latency to ensure that
fraudulent activities are detected in real-time or near-real-
time.
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« Integration: The model needs to seamlessly integrate with
the organization’s existing transaction processing
systems, such as payment gateways or fraud management
platforms. This often requires building APIs or connectors
that can efficiently pass data between systems.

o Automation and Feedback Loop: To maintain its
effectiveness, the model should be capable of
automatically updating and retraining itself as new data
becomes available. A feedback loop is crucial for
capturing the outcomes of flagged transactions and using
this information to refine the model's predictions over
time.

« Model Explainability: In fraud detection, it is essential to
provide clear explanations for why a transaction was
flagged as suspicious. This transparency is vital for
gaining stakeholder trust and ensuring compliance with
regulatory requirements.

¢) Continuous Monitoring and Feedback Loop

Continuous monitoring ensures that the deployed fraud

detection model maintains high performance and adapts to

changing fraud patterns. This phase involves:

e Real-time Monitoring: Implementing dashboards and
alert systems that track the model’s performance metrics
in real-time. Monitoring focuses on key indicators such
as detection accuracy, false positive rates, customer
impact, and system latency.

e Model Drift Detection: Over time, changes in user
behavior or new fraud tactics can lead to model drift,
where the model's performance deteriorates. Regular
analysis is conducted to identify any drift in the data
distribution or prediction accuracy, prompting the need
for model retraining or fine-tuning.

o Feedback Loop: The feedback loop plays a critical role
in retraining the model with the latest data. When a
transaction is flagged as fraudulent and subsequently
verified, this information is fed back into the model to
improve its learning process. This iterative loop helps the
model evolve continuously, enhancing its ability to
detect new fraud patterns.

o Continuous Improvement: Based on the insights gained
from monitoring, model parameters are regularly
adjusted, and new features may be engineered to address
any gaps in performance. This adaptive approach ensures
that the fraud detection system remains robust against
emerging threats and provides a proactive defense
against evolving fraud techniques.

4. Results

The results of our approach, which involved customizing
classification models to specific fraud use cases, significantly
enhanced our ability to prevent fraud and increase detection
accuracy. By tailoring the models to different types of
fraudulent activities, we achieved a marked improvement in
both precision and recall across various scenarios, reducing
the occurrence of false positives while ensuring that the
maximum number of fraudulent cases were identified. This
customization allowed each model to focus on the unique
patterns and characteristics of specific fraud types, leading to
a more nuanced and accurate classification process. As a
result, the targeted models not only performed better in terms
of accuracy but also contributed to building greater trust on

the platform, as users experienced fewer disruptions from
mistakenly flagged transactions and more effective protection
from actual fraud. The improved precision and recall scores,
along with higher ROC-AUC values, demonstrate that this
tailored approach is more effective in safeguarding the
platform while providing a seamless user experience.

5. Future Scope

The future scope of this research lies in further enhancing the
adaptability and resilience of fraud detection systems through
advanced techniques such as deep learning and real-time
analytics. As fraud patterns continue to evolve and become
more sophisticated, integrating machine learning models with
anomaly detection frameworks and graph-based analysis
could lead to more proactive fraud prevention strategies.
Additionally, incorporating explainable Al (XAl) techniques
will be crucial in improving model transparency, helping
stakeholders understand the decision-making process and
gaining greater trust from both customers and regulatory
bodies. Expanding the models to handle global-scale data
with real-time updates can also enable faster detection and
response to emerging threats. Finally, ongoing efforts to
refine the data labeling process and leverage feedback loops
from wuser interactions will ensure that the models
continuously learn and adapt to new fraud scenarios, making
the platform more secure and trustworthy over time.

6. Conclusion

In conclusion, this study underscores the critical role of
customized classification models in enhancing fraud
detection and improving the security of online platforms. By
tailoring models to specific fraud use cases and continuously
refining them through data labeling, evaluation, and real-time
monitoring, we achieved a significant boost in both the
accuracy of fraud detection and the overall user experience.
Our approach not only reduced false positives but also
strengthened the platform's defenses against evolving fraud
tactics, thereby fostering greater trust among users. The
implementation of a robust validation framework further
ensured the reliability of these models, highlighting their
effectiveness in real-world applications. As fraudsters
become increasingly sophisticated, our adaptable and targeted
strategy serves as a strong foundation for future
advancements in fraud prevention, setting the stage for
continuous innovation and stronger defense mechanisms.

References

[1] Bolton, R. J.,, & Hand, D. J. (2002). Statistical Fraud
Detection: A Review. Statistical Science, 17(3), 235-
255.

[2] Fawcett, T., & Provost, F. (1997). Adaptive Fraud
Detection. Data Mining and Knowledge Discovery,
1(3), 291-316.

[3] Ngai, E. W. T., Hu, Y., Wong, Y. H., Chen, Y., & Sun,
X. (2011). The Application of Data Mining Techniques
in Financial Fraud Detection: A Classification
Framework and an Academic Review of Literature.
Decision Support Systems, 50(3), 559-569.

[4] Phua, C., Lee, V., Smith, K., & Gayler, R. (2005). A
Comprehensive Survey of Data Mining-Based Fraud

Volume 13 Issue 10, October 2024
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal
WWW.ijsr.net

Paper ID: SR241009095246

DOI: https://dx.doi.org/10.21275/SR241009095246 932


http://www.ijsr.net/

International Journal of Science and Research (1JSR)
ISSN: 2319-7064
SJIF (2022): 7.942

[5]
[6]

[7]

[8]
[9]

[10]

[11]

[12]

[13]

[14]

Paper ID: SR241009095246

Detection Research. Artificial Intelligence Review,
25(3), 343-361.

Breiman, L. (2001). Random Forests. Machine
Learning, 45(1), 5-32.

Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable
Tree Boosting System. Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge
Discovery and Data Mining, 785-794.

Bauder, R. A., & Khoshgoftaar, T. M. (2018). A Survey
of Ensemble Methods for Fraud Detection in Financial
Transactions. Journal of Big Data, 5(1), 47.
Goodfellow, 1., Bengio, Y., & Courville, A. (2016).
Deep Learning. MIT Press.

Carcillo, F., Dal Pozzolo, A., Le Borgne, Y. A., Caelen,
0., Mazzer, Y., & Bontempi, G. (2019). Scarff: A
Scalable Framework for Streaming Credit Card Fraud
Detection with Spark. Information Fusion, 41, 182-194.
Van Vlasselaer, V., Eliassi-Rad, T., Akoglu, L., Snoeck,
M., & Baesens, B. (2015). Apate: A Novel Approach for
Automated Credit Card Transaction Fraud Detection
Using Network-Based Anomaly Detection. Knowledge
and Information Systems, 45(1), 345-368.

Zhang, Tao & Lin, Wuyin & Vogelmann, Andrew &
Zhang, Minghua & Xie, Shaocheng & Qin, Yi & Golaz,
Jean-Christophe. (2021). Improving Convection Trigger
Functions in Deep Convective Parameterization
Schemes Using Machine Learning. Journal of Advances

in Modeling Earth Systems. 13.
10.1029/2020MS002365.
Deniz Gunay. (Sep 11 2023).

https://medium.com/@denizgunay/random-forest-
afSbhdebd7ele

Jijo, Bahzad & Abdulazeez, Adnan. (2021).
Classification Based on Decision Tree Algorithm for
Machine Learning. Journal of Applied Science and
Technology Trends. 2. 20-28.

Michele Cavaioni. (Feb 2 2017).
https://medium.com/machine-learning-bites/machine-
learning-decision-tree-classifier-9eb67cad263e

Volume 13 Issue 10, October 2024
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal

WWW.ijsr.net
DOI: https://dx.doi.org/10.21275/SR241009095246

933


http://www.ijsr.net/



