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Abstract: 

Purpose: The purpose of this paper is to analyze the role of machine learning (ML) in 

fraudulent online payment transaction detection across industries, with a specific focus on 

integrating Environmental, Social, and Governance (ESG) principles to bring sustainability and 

ethics in fraud detection. 

Methodology: This study reviews the effectiveness of machine learning (ML) techniques in 

real-time fraud detection, presenting the efficiency of different ML techniques across industries 

and how those techniques can be modified to apply the principles of ESG. It checks on ethical 

practices concerning data, compliance with data privacy, and sustainable management, further 

investigating how effectively ML-driven frameworks can support fraud detection without 

compromising the standards of ESG. 

Findings: The study finds that integrating ESG principles within machine learning frameworks 

for fraud detection enhances both the effectiveness and ethical alignment of these systems. ML 

models not only support real-time fraud detection but also reinforce sustainable data 

management and governance practices, providing businesses with an advanced approach to 

mitigating cyber risks while upholding ESG commitments. 

Unique Contribution to Theory, Practice, and Policy: This paper contributes by advancing 

ESG-integrated frameworks for fraud detection, offering a sustainable and ethical model for 

using ML in financial systems. In practice, it provides actionable insights for industries seeking 

to align fraud prevention with ESG goals. The paper also suggests policy considerations, 

advocating for stronger ethical standards and data governance in ML applications for fraud 

detection. 

Keywords: Fraud Detection, Machine Learning, Data Privacy, Online Payments, Real-Time 

Analytics, Financial Security, Regulatory Compliance, ESG Compliance, Sustainable 

Practices, Environmental Impact. 
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I. INTRODUCTION 

Disruptive as it may sound, the surge in online-based payment systems has been a game 

changer in the economy, allowing worldwide transactions to happen in milliseconds, 

minimizing the use of banks, and creating new horizons for firms and consumers. On the 

contrary, this increase in the digital form of financial activity has also given fraudsters new 

ways to profit. Fraudsters are always looking for online payment and use every inclination to 

commit fraud using online payment, such as identity fraud, account hijacking, and credit card 

fraud. Aligning these detection strategies with ESG principles can help organizations uphold 

sustainability, ethical practices, and responsible governance while combating fraud. While 

businesses strive to combat these threats, aligning their strategies with ESG principles such as 

environmental, social, and governance can help promote responsible and sustainable practices. 

A recent report published by the Association of Certified Fraud Examiners (ACFE) estimates 

that globally, the loss suffered on payment fraud is running to billions yearly. As more people 

embrace online transactions, the problem will only worsen (Smith, 2022). This big leap in fast 

detection systems in the purview of fraud has been because of the old deterministic manner for 

risk model building, which relied on fixed state rules and probabilistic manual review 

processes. Unfortunately, significant losses affect this strategy positively or negatively because 

processed rule-based systems exhibit high rates of false alarm generation and excessive white 

false alarms where nonfraudulent activity is flagged out. ESG stands for Environmental, Social, 

and Governance, a set of criteria used to evaluate how organizations operate in a way that is 

sustainable, ethical, and transparent. This exploration underscores how integrating ESG into 

machine learning-based fraud detection supports both operational effectiveness and broader 

societal goals. 

 

Fig 1. Integration of ESG Principles in Fraud Detection Systems. 

This diagram illustrates how the integration of ESG principles can be aligned with machine 

learning-based fraud detection to support ethical and sustainable practices.  

Machine learning (ML), a branch of artificial intelligence, is one such technology that is the 

most effective way to break through fraud attempts. ML systems easily understand plenty of 
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data and use sophisticated algorithms to understand the patterns of transactions, anomalies of 

volume, or the behaviors of persons with tendencies of fraudulent activities. However, unlike 

traditional systems, wherein a particular type of fraud is built into the system to detect fraud 

scenarios. In general, history is the model, and the method is tailored to the strategies used. 

And they can sense threats that are not even in the records of past experiences. Therefore, 

these evolving solutions are essential for any organization that wants to protect itself from the 

increasing problem of cybercrime (Miller, 2022). 

However, with the arrival of machine learning, there is an ethical and legal problem concerning 

the protection of the data used in that process. The fraud detection system has a lot of private 

information, such as credit cards, banking details, and buying trends. Although this data is 

critical to building effective machine-learning solutions, there needs to be more clarity with 

users' integrity in gathering, obtaining, and managing such data. With recent large breaches 

and misuse of private records, there has become an evident need to protect consumer data. In 

other words, companies' failure to protect user data may attract other repercussions besides 

possible regulatory ones (Brown & Lee, 2022). 

Specifically, this paper will discuss online payment systems with machine learning and fraud 

detection, which involve issues concerning data protection and adherence to regulations. We 

will especially explain safe transaction procedures and how a customer transaction profile is 

boosted up, enhancing transaction fraud detection, while system deploying constraints of 

machine learning and data ethics arise from interactions with peoples' private habits in a very 

desirable way in business: to maximize generated revenue. Further, at the end of this discourse, 

it will be underscored that there is a need for improvement from the advanced and evolving 

solutions to online payment systems that also have to enable attributional privacy provisions. 

II. DEVICES FOR THE DETECTION OF FRAUD WITH THE AID OF MACHINE 

LEARNING 

2.1 Predictive Models in Real Time Fraud Detection 

With the growth of competition in today's age, businesses can now successfully use machine 

learning to detect fraudulent behavior in almost real-time. Previously, fraud prevention had 

been based on a static set of unchanged regulations, for instance, intercepting all payments that 

had amounted to a certain level, were from a certain jurisdiction, or just some parameters, such 

as assigned zip code. The set of rules these methods were prompted by proved to come with 

several inconveniences to the innocent users, again with the innumerable false flags (Clark 

2023). 

Prediction models of machine learning are still learning from past transaction data. These 

models can identify both patterns and unusual things that hint at fraud. You have a machine 

learning system that can essentially monitor where transactions occur and compare it to what 

a user is doing. Any sudden or weird activity, like a big purchase done in another country within 

hours (Taylor 2023). It's almost impossible to get with fixed rule-based systems. That makes 

machine learning better and more correct at spotting fraud. By embedding ESG-focused 
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methodologies into these predictive models, organizations can ensure that their fraud detection 

measures are both technologically sound and ethically responsible. 

2.2 Supervised and Unsupervised Learning to Detect Fraud 

We can split machine learning models into two main types to detect fraudulent transactions: 

supervised learning and unsupervised learning. Each method has its benefits and drawbacks in 

different parts of the fraud detection problem. To build an effective fraud detection system that 

can keep up with changing sets of attributes such as location, amount, and transaction type, it's 

key to understand how these two approaches work and their roles in detecting fraud in online 

payments. 

2.3 The Application of Supervised Learning in Fraud Detection 

Supervised learning is the most effective method for ML in fraud detection, above all in the 

presence of well-structured fraud patterns. This is because the model provided pre-classified 

information on fraud and non-fraud transactions with labeled data sets. This is important 

because we need labeled datasets where the model can make past information about which 

transactions were marked as fraudulent and were not present during the training. The seek-out 

deviations in fraud patterns in real-world scenarios are then applied to the data. (Miller, 2022). 

For example, for an instance of e-payments, we can fit a supervised learning framework over 

a training set, which will contain features like the amount of the payment, the rate of payments 

over a period, the location of the user, the type of device that they use, etc. Typically, the trainer 

reveals whether the sequence was fraudulent, allowing the model to understand which features 

are generally shared with the fraud occurring. However, the trained model can then quickly 

and properly monitor incoming transactions and learn to raise the alarm on activities similar to 

known fraud patterns or conform (Clark, 2023). 

The kind of fraud that matches known patterns is a job that supervised learning models are 

good at. Take this case: One day, because a customer bought a few small items from you, that 

customer makes a big odd purchase from a different place. What would be the feeling? The 

model will flag this as possible fraud because that's not how the customer behaves. However, 

supervised learning models have a drawback: they need labeled data. However, these types can 

find fraud in their training data, so they may not detect new types of fraud they've never seen 

before (Johnson & Lee, 2023). 

In addition, these models require an ongoing flow of labeled data to stay accurate. If fraud 

patterns change a lot over time, and the model isn't retrained often, it will start to miss fraud 

cases or be overly noisy with false alarms. In real life, companies use supervised learning 

models to detect known fraud patterns (Gomez, 2023), but they also add other techniques to 

find new threats. 

2.4 Fraud Detection without Supervision 

In supervised learning, you are trying to create a detection system to detect known fraud 

patterns. Still, in unsupervised learning, you have a different challenge: finding oddities or 

outliers in data that might represent new or yet-to-emerge scams. In unsupervised learning 
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models, we do not have any labeled data or pre-set examples of fraud. Doe & Roe (2023) 

reported that their job is to make sense of an enormous amount of transaction data and identify 

any behavior that is not behaving the way others do. 

Since scammers always know how to change their tricks to avoid being caught, unsupervised 

learning is a major factor in fraud detection. Supervised learning models have no idea what to 

look out for because these new unseen types of fraud so frequently don't look like anything 

they have seen before. Unsupervised models can highlight bizarre or questionable transactions, 

certainly depending on the normal designs, even without knowing ahead of time what fraud 

appears to be. 

One of the most used methods in unsupervised learning is anomaly detection. These are all 

algorithms that check a dataset to see what's normal behavior for that dataset. For example, 

where are customers spending when they make transactions, or what are the typical times they 

pay for things? It determines a basic profile of normal activity. Then, it labels any transaction 

that doesn't follow this pattern as fishy (Taylor, 2023). 

A case in point is someone who buys small things online in the US and then makes a big 

purchase from another country. An unsupervised anomaly detection model would see 

something like this as unusual even if no one marked this kind of transaction as a fraud in a 

supervised dataset because it's not what the customer usually does. Unsupervised learning 

models are useful because they allow us to detect new types of fraud that we don't have labels 

on yet (Smith 2022). 

Furthermore, clustering algorithms are also used in unsupervised learning, where an internal 

notion of grouping is used to detect fraudulent activities. These algorithms label transactions 

based on transaction time, frequency, amount, and where the transaction took place. If the 

found cluster is opposed to the normal contiguity of the data, it is marked as suspicious and 

needs clarification (Nguyen, 2023). Clustering helps us find organized abusers whose surface 

may seem like a disjointed set of fraudulent activities but, in reality, share some similarities. 

III. THE BEST APPROACH IS THE COMBINATION OF SUPERVISED AND 

UNSUPERVISED LEARNING 

In this case, the best fraud detection and prevention systems use universal and targeted learning 

approaches. Using supervised learning lets companies develop the ability to identify known 

fraud patterns with accuracy while also decreasing the number of false alerts customers may 

see. The former is good for solving existing, known problems since it suppresses new issues 

that have not been observed before.  

Suppose a supervised learning model is built by a bank to actively watch for transactions that 

contain typical fraud hacks, such as phishing scams or stolen accounts. However, they could 

also run an unsupervised anomaly detection model that would always watch out for odd 

changes in how people use their money and maybe flag a new kind of fraud. The mix ensures 

that systems to catch fraud can be exact and versatile, spotting known dangers and discovering 

novel dangers (Adams, 2023). 
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IV. CONCERNS OVER DATA PRIVACY IN FRAUD DETECTION 

4.1 How User Privacy is Compromised with Security 

There are many questions about the privacy of the data you collect when deploying machine 

learning (ML) technologies to detect fraud. The training data required by ML algorithms are 

typically large in volume: we are talking normally about terabytes. The training data include 

names, credit card numbers, transaction histories, and so on, exposing sensitive personal 

information. Though this data is necessary for effective fraud detection, it can be unsafe if not 

secured (Gomez, 2023). Protecting user privacy through ESG-aligned frameworks reinforces 

the ‘Social’ and ‘Governance’ aspects, highlighting the importance of data responsibility in 

fraud detection systems. 

However, the major challenge is balancing the need for fraud detection and the desire to protect 

user privacy. For example, identity data further improves system accuracy, but too much 

redundant data hampers an individual's privacy. Fighting and detecting fraud is best done using 

the right strategy, where companies should work towards adopting approaches such as data 

anonymization or encryption to protect the user information while having an efficient system 

to detect fraud (Smith, 2022). Of particular importance, encryption is crucial for preserving the 

confidentiality of the data—preventing unauthorized access to the data—thereby decreasing 

the chances of breaches, even during the time of a cyberattack. 

4.2 Compliance with Global Privacy Regulations 

As concern about data privacy increases, legislation like Europe's General Data Protection 

Regulation (GDPR) and, even domestically in the United States as the California Consumer 

Privacy Act (CCPA), is enacted. Second, of all these laws, they primarily stipulate specific 

requirements in terms of how the companies can collect, store, and use personal data (Brown 

& Lee, 2022). 

For machine learning-based fraud detection systems, these regulations require consent to 

collect personal data and inform the user what they will be doing with his data. Under GDPR, 

for instance, companies must keep personal data used for fraud detection as long as it is needed 

and let its users ask for it to be deleted when they no longer need it (Nguyen, 2023). Ensuring 

compliance with global regulations supports ESG governance principles by mandating 

responsible and transparent data practices. While these concerns make compliance with data 

protection regulations challenging, privacy-preserving technologies, such as federated 

learning, are emerging that train models on decentralized data independent of sharing sensitive 

information. 
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Table 1. An overview of Privacy Regulations including GDPR and CCPA and Their Effect 

on Fraud Detection Systems 

Regulation Region Key Requirements Impact on Fraud Detection 

Systems 

GDPR Europe Data minimization, right 

to erasure, consent for 

data use 

Requires obtaining consent, 

ensuring data anonymization, and 

timely deletion of personal data. 

CCPA United 

States 

Opt-out options, data 

transparency, deletion 

requests 

Fraud systems impact the 

collection, storage, and processing 

of data in ways that support opt-

out and deletion requests. 

V. SOME ISSUES OF ML-BASED FRAUD DETECTION SYSTEMS IN 

ORGANISATIONS 

5.1 Data Quality and Model Accuracy 

Training datasets matter the most to machine learning algorithms. This is particularly true for 

transaction fraud detection, where the data comprises sensitive financial transaction details, 

customer data-protected information, etc. Fraud detection systems are greatly weakened if we 

have bad data since such data will hinder the ability of fraud detection systems to detect real 

occurrences of fraud accurately. Instead, we will run false alarms, disrupting normal business 

operations. This flowchart illustrates the primary stages in a fraud detection system, from data 

collection to the system's final action step: 

 

Fig 2. Integrating ESG into the Fraud detection process. 
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5.2 Issues Related to the Labeling of Data 

In supervised learning models, the efficacy of fraud detection models depends on the 

availability of appropriately labeled data; that is, the harvested data explains the differences 

between legitimate and fraudulent transactions. However, it is often difficult to come by such 

well-researched and well-labeled data in real situations. Criminals always move quickly and 

develop newer techniques that organizations usually cannot promptly reach with the correctly 

labeled data. Again, there are quite a few instances where transactions may be the same 

complex, causing conflict with the definition of the tragedy obtained as fraud and not the 

overreaction (Gomez & Martin, 2022). Also, fraud doesn't happen often in most datasets, which 

means most transactions in a training dataset will be legitimate. This uneven split between 

fraudulent and legitimate transactions creates a class imbalance problem where models tend to 

predict the majority class (nonfraudulent transactions). This can result in more false negatives 

where real fraud goes unnoticed because the model didn't learn enough to spot it (Nguyen, 

2023). 

To fix this, methods like oversampling are used, which balances the dataset by copying 

examples of fraud or under-sampling to cut down legitimate transactions to match the number 

of fraudulent ones. However, both these approaches have downsides, such as oversampling, 

which can cause overfitting where the model becomes too tailored to trained data while under 

sampling might make the model miss key information from legitimate transactions. Finding 

the right balance is key to keeping the model's accuracy high. 

Data Completeness and Integrity Furthermore, data completeness and integrity are prevalent 

issues. Fraud detection systems employ various data features to build their models, including 

transaction histories, users' habits and trends, device fingerprints, geographic locations, etc. 

Provide complete information to ensure the performance of the models. For example, when 

certain transaction metadata (like device type or geographical area) is absent, it is conceivable 

that the model will not efficiently evaluate the likelihood of fraud occurring on that transaction 

(Doe & Roe, 2023). In this case, ensuring that appropriate data cleansing and preprocessing 

treatments are done is a mandatory step in the development of an effective fraud detection 

system (Taylor, 2023).3. Feature Engineering and Selection 

The success of ML models in spotting fraud depends on their ability to pull useful information 

from raw transaction data. Feature engineering turns raw data into meaningful input variables 

(features) that the model can use to make predictions. For instance, in fraud detection, details 

like when a transaction happens, how often it occurs, where it's from, what IP addresses are 

involved, or how long it's been since the last transaction can be key signs of shady behavior 

(Brown 2022). 

Figuring out which traits matter most for spotting fraud isn't always easy. Adding too many 

features can make a model too complicated and likely to overfit, while not having enough 

features can lead to poor performance and missed fraud cases. Also, some traits make sense in 

certain situations—what's normal in one place might look fishy in another. Take a transaction 
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from a far-off location: it could be a real purchase by someone who travels a lot or a sign that 

someone's account has been hacked (Johnson & Lee, 2023). 

 

Fig 3. Performance of Oversampling vs. Under sampling in Fraud Detection 

5.3 Issues Related to Data Protection and Ethics 

The effectiveness of ML techniques in fraud detection depends on the high reliance on very 

sensitive personal, financial, and professional data for the detection of possible cases of fraud. 

Nonetheless, these processes involve handling information exposing individuals or 

organizations to privacy, regulatory, and ethical issues. Organizations must go the extra mile 

to avoid breaking any privacy laws when collecting, storing, and processing information due 

to regulations such as the GDPR and CCPA (Miller 2022). Integrating ESG principles into data 

protection strategies helps maintain ethical standards and builds consumer trust by ensuring 

transparency and accountability. 

A particular concern is that the collection of user behavior data on this scale is an infringement 

of privacy rights. For example, to prevent fraud, ML models might want to track a user's 

spending history, geographical position, the device used, and other personal, relevant aspects 

of the user, but such information can easily fall into the wrong hands for different uses like 

marketing purposes or profiling without the user's consent. This is important to protect, perhaps 

due to the country's lax regulations and customer expectations regarding their data privacy 

(Nguyen, 2023). This ESG-aligned approach ensures that while machine learning enhances 

fraud detection, it also adheres to sustainable and ethical data handling practices. 

The table below compares the performance of the respective ML algorithms based on their 

accuracy, precision, recall and F1 score to show the efficiency of these in fraud detection. 

 

 

 



    
International Journal of Computing and Engineering  

ISSN 2958-7425 (online)    

Vol. 6, Issue No. 6, pp. 52 - 67, 2024                      www.carijournals 

61 
 

 

 

 

Table 1. Comparison of Machine Learning Algorithms for Fraud Detection 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Random Forest 85-95 88-92 85-90 86-91 

Logistic 

Regression 

70-85 65-80 60-78 63-75 

K-Nearest 

Neighbors 

70-90 65-85 60-88 63-85 

Neural 

Networks 

85-98 85-95 80-95 82-94 

5.4 Feature Engineering and Selection 

Effective fraud detection models rely on identifying specific transactional characteristics 

within raw data that are predictive of fraudulent activity. Feature engineering re-creates the raw 

data fed into the model into input variables the model could use in making the prediction. For 

example, some of the significant signs that presage fraudulent activity may be time, location, 

transaction frequency, and the IP addresses underpinning the transaction (Brown, 2022). 

Nevertheless, the selection of features can sometimes be quite a problem. If there are too many 

features, they may impose a high risk of overfitting; if there are too few, the model could be 

better. Additionally, the relevance of features can vary depending on the context. For instance, 

a transaction from a distant location could indicate fraud for one user but may be normal for 

another who travels frequently (Johnson & Lee, 2023). 

5.5 Data Protection and Ethical Concerns 

Current machine learning fraud detection techniques employ confidentiality and access to 

personal financial, financial, and professional information; the issue of data protection has thus 

emerged as a major concern with concerns to ethics. This is information that organizations are 

required to collect, store, and process, and certain laws govern these processes, most commonly 

the GDPR and CCPA (Miller, 2022). 

Monitoring user activities for fraud prevention can be considered a violation of privacy rights 

because the information is used for other purposes, including marketing and profiling, if not 

authorized by the user. Organizations have to weigh the security of such data against users' 

rights to privacy as firms strive to be ethical (Nguyen, 2023). 
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VI. THE IMPORTANCE OF AI IN IMPROVING FRAUD PREVENTION SYSTEMS 

6.1 Behavioral Analytics as Advanced with AI 

In recent years, AI has changed the face of traditional fraud detection in many ways by bringing 

in powerful behavioral analytics into common use. The study shows that AI driven systems 

can observe user behavior, detect anomalies, and therefore improve the accuracy of fraud 

detection. 

6.2 The Principle of Behavioral Analytics in Real Time 

AI systems can also consider such aspects of behavior as user activity, the devices used, and 

the behaviors exhibited during transactions, among others, to look out for behavior that strays 

from the norm. Such systems can intervene at the earliest stages of the fraud attempt as they 

can be set up to monitor and detect questionable activities almost instantaneously. For instance, 

how a customer behaves, such as their login geography or activity patterns and geographies, 

usually allows AI to raise warning signs ahead of the fraud. This system is very handy to avoid 

losses as it monitors active transactions within a suspected fraud period. This helps to manage 

the financial exposure a company would have greatly. 

 

 

 

Fig 4. Real-Time Fraud Detection System Architecture 

6.3 Ability to Forecast and Authentication on the Go 

Systems for detecting fraud using AI incorporated transitive tendencies. Predictive analytics 

provides tools that help in preventing the loss from occurring. After studying users' past 

behaviors, these models aim to spot indicators of future wrongdoing. Moreover, AI makes 

continuous authentication possible with behavioral biometrics, which tracks users and their 

actions (such as how fast a person types or touches the screen) to spot a difference. Therefore, 

this minimizes sensor-triggered alarms, increases fraud detection efficiency, and enhances 

customers' appreciation by reducing interruptions during genuine transactions. 

VII. CONCLUSION 

This review paper has shown that digital transactions brought unprecedented convenience and 

gave fraudsters unparalleled and dangerous opportunities. Traditional fraud detection methods 

become inefficient against cybercriminals, who further develop their methods of fraud every 
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day. Because of this, innovative solutions have been researched. In this respect, ML has 

become a game-changing force that offers better accuracy, adaptability, and efficiency for 

fraud detection. 

Knowledge leveraging cutting-edge methods and supervised and unsupervised learning will 

enable organizations to collate and extract hidden patterns or anomalies in large datasets, 

indicating fraud. Incorporating ESG principles into these ML systems can ensure that fraud 

detection practices align with sustainable governance and social responsibility, fostering trust 

and long-term resilience. AI integration into fraud detection empowers a business to transform 

from reactive to proactive. This is made possible by real-time monitoring and intervening in 

what could go out of hand. As mentioned, advanced behavioral analytics and predictive 

modeling help an organization detect suspicious behavior before it causes financial loss, thus 

creating a safer online payment environment. 

Although the potential of ML in enhancing fraud detection is indeed very significant, 

challenges persist. Quality of data, class imbalance, and privacy concerns must be combated 

for ML-based systems to function effectively. For organizations, prioritization must occur on 

data integrity with regulatory frameworks that ensure customer trust is maintained legally. 

Emphasizing compliance with ESG standards can help organizations manage data with 

transparency and integrity, reinforcing strong governance practices and aligning with 

sustainability goals. 

Besides, AI has several ethical implications in fraud detection, which is difficult to turn one's 

back on. Here, businesses have to balance leveraging user data for security with respect for 

their user's privacy. Individual privacy rights will have to be considered. The techniques of 

privacy preservation and transparency in data usage will help build trust between an 

organization and its customers. Embedding ESG-aligned practices into fraud detection 

strategies can balance the benefits of security with ethical data handling, ensuring that 

businesses meet social and governance criteria. 

In the end, it is noticed that while digital finance goes ahead with many changes, machine 

learning will play an important role in fraud detection. Regarding the ethical consideration of 

novel technologies, these means would assist business organizations in enhancing their fraud 

detection capabilities and protecting customers' interests for good. The future of fraud detection 

depends on AI's power to build a safe, efficient, and ESG-compliant online payment ecosystem, 

promoting sustainability and ethical practices alongside technological advancement. 

VIII. RECOMMENDATIONS 

To enhance the efficacy and ethical alignment of machine learning-based fraud detection 

systems, the following recommendations are proposed: 

 Prioritization of Data Quality and Privacy: In addition to the introduction of 

protocols for data quality, organizations should implement robust data quality 

protocols, including validation and preprocessing techniques, to address class 

imbalance and enhance the reliability of ML models. 
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 Establish ESG-Integrated Governance Frameworks: Integrating ESG into fraud 

detection mechanisms involves devising governance frameworks that would assure 

transparency, integrity of data processing, and compliance with regulations. This 

includes formal policies on data utilization and protection of privacy, with sustainable 

data management practices consistent with general corporate sustainability objectives. 

 Advance Real-Time Monitoring and Predictive Analytics Capabilities: Investment 

in real-time monitoring systems and advanced predictive analytics is recommended to 

enable proactive detection of fraudulent activities. Continuous development in 

behavioral analytics and anomaly detection should be pursued to effectively respond to 

evolving fraud tactics and mitigate potential financial risks. 

 Promote Ethics in AI for Fraud Detection: The basis of ethical AI practices should 

be underscored in implementing organizations by embedding transparent and 

explainable algorithms while ensuring data usage aligns with privacy and fairness 

standards. A privacy-by-design approach, underpinned with ESG-aligned practices, 

allows organizational accountability while fostering customer trust. 

These recommendations would assist organizations in building resilient fraud detection 

systems that are not only ethically immaculate but also ESG compliant, further reinforcing 

both cybersecurity and sustainable governance objectives. 
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