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Abstract 

Cyber fraud is exploding, literally. Digital finance's boom has just made us even more vulnerable, meaning 

we desperately need security systems that are not just smart, but truly adaptive. Thankfully, Artificial 

Intelligence (AI) has emerged as our strongest defense here, capable of real-time fraud detection, spotting 

anomalies, and even predicting what's coming next. This isn't just another look at AI; we're diving deep into 

the actual techniques that have tackled cyber fraud over the last ten years. That means exploring everything 

from supervised and unsupervised learning to the nuances of deep learning and hybrid methods. You'll see 

what really works from real-world datasets, and we'll unpack why certain models shine. We're even laying out 

a fresh framework designed to seriously boost both performance and transparency. Of course, the path isn't 

smooth. We tackle the tough stuff: adversarial attacks, those tricky model biases, and the big ethical questions. 

And as for what's next? We’ve charted the most exciting paths forward, highlighting where explainable AI, 

federated learning, and genuine ethical compliance will be game-changers. Consider this your essential guide 

if you're a researcher, developer, or policymaker committed to locking down our digital world with AI. 

Keywords: Artificial Intelligence, Cybersecurity, Cyber Fraud Detection, Machine Learning, Deep Learning, 

Explainable AI, Adversarial Attacks, Anomaly Detection, Data Privacy, Federated Learning. 

 

1. Introduction  

Let’s face it—almost everything we do these days 

runs through a screen. Whether it’s ordering dinner, 

paying bills, or filling out government forms, we’re 

online more than ever. And while that’s brought 

convenience by the truckload, it’s also given 

cybercriminals a pretty big playground. What used to 

be spammy emails has now escalated into deepfake 

scams, identity theft, and phishing emails that could 

fool even the sharpest eye. The problem? Most of the 

old-school defenses like firewalls and password 

policies are barely holding up. They’re just not built 

for this kind of threat landscape. That’s where 

artificial intelligence comes in—not as a magic 

solution, but as a much-needed upgrade. AI can sift 

through tons of data, adapt quickly, and sometimes 

catch bad behavior before it even happens. And we’re 

talking about a massive scale here. Every day, 

zettabytes of data—yes, that’s with a "z"—are being 

pushed through networks. Add remote work setups 

and smart devices to the mix, and you’ve got an ever-

growing list of weak spots. Security teams are 

juggling way too much, and AI is helping them dig 

through the noise to find real threats. Now, this isn’t 

just theory or tech-jargon. Real people are losing real 

money. In 2023, Americans were scammed out of 

over $10 billion—according to the FTC. That’s not 

just a number; it’s a loud wake-up call. Companies 

and governments are under pressure to protect 

personal data, maintain trust, and follow privacy laws 

like GDPR and CCPA—because ignoring them isn’t 

really an option anymore. That said, AI’s not wearing 

a cape. The same tools we use to protect systems are 

being twisted by hackers to make attacks more 

convincing and harder to detect. Plus, there are still 

nagging questions: Is AI making fair decisions? Can 

anyone actually explain how it works? And are we 

deploying this stuff faster than we’re thinking 

through the consequences? In this review, we’ll 

unpack how AI is being used to fight cyber fraud—

not with a bunch of buzzwords, but with a look at 

what’s really working and what’s still a work in 

progress. From straightforward algorithms to more 
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advanced deep learning systems, we’ll map out the 

current landscape and sketch out where this might be 

headed next. (Table 1) 

 

 

Table 1 Findings (Key Results and Conclusions) 

Year Title Focus 
Findings (Key Results and 

Conclusions) 

2015 
Data mining-based fraud 

detection research 

Overview of data mining 

approaches for fraud 

detection 

Identified classification, clustering, 

and outlier detection as major AI 

approaches to detect fraud; 

recommended hybrid models for 

scalability and efficiency [8]. 

2016 

A survey of data mining 

and machine learning 

methods for cybersecurity 

intrusion detection 

Comprehensive survey 

on ML for cybersecurity 

Highlighted machine learning’s 

growing capability in real-time 

fraud detection and intrusion 

prevention, especially with 

ensemble models [9]. 

2018 

Deep learning for detecting 

cyber fraud in financial 

transactions 

Deep learning in 

financial fraud detection 

Demonstrated that convolutional 

neural networks (CNNs) can 

accurately classify fraudulent 

patterns in large transactional 

datasets [10]. 

2019 
Explainable AI for 

cybersecurity: A review 

Interpretability in AI-

based fraud detection 

Emphasized the need for 

explainable AI in high-stakes 

environments like finance and 

healthcare; surveyed XAI tools that 

balance transparency with accuracy 

[11]. 

2020 

Adversarial machine 

learning in network 

intrusion detection: Current 

trends and challenges 

Adversarial ML and 

cybersecurity 

Found that fraudsters using 

adversarial attacks could bypass 

detection systems; advocated for 

robust ML models against 

poisoning and evasion attacks [12]. 

2020 

Machine learning 

algorithms for credit card 

fraud detection: A survey 

ML models for card 

fraud 

Identified logistic regression, 

decision trees, and random forests 

as high-performing techniques; 

highlighted the importance of class 

imbalance handling [13]. 

2021 

Real-time credit card fraud 

detection using machine 

learning 

Real-time detection 

systems 

Demonstrated superior performance 

of online learning algorithms like 

Hoeffding Trees for detecting fraud 

in streaming data [14]. 
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2022 

A review of deep learning 

applications in 

cybersecurity 

DL for cyber threat and 

fraud mitigation 

Reported successful applications of 

LSTM and autoencoders in anomaly 

detection and fraud recognition; 

scalability noted as a limitation 

[15]. 

2023 

AI in banking fraud 

detection: A hybrid model 

approach 

Hybrid models in fraud 

prevention 

Proposed a hybrid AI model 

combining supervised and 

unsupervised learning; showed 

improved accuracy and reduced 

false positives [16]. 

2024 

Ethical AI in cyber fraud 

detection: Bias, fairness, 

and transparency 

Ethical considerations in 

AI systems 

Examined the ethical risks of 

deploying biased AI models in fraud 

detection; recommended data audits 

and fairness metrics [17]. 

In-Text Citations 

These papers will be cited in-text as: 

[8], [9], [10], [11], [12], [13], [14], [15], [16], [17] 

2. Method 

2.1.Overview of the Proposed Model 

We’ve been seeing cyber fraud evolve fast—faster 

than many of the tools meant to stop it. So instead of 

sticking to one method, we’re experimenting with a 

mix. This approach combines different types of 

machine learning, takes in fresh data as it comes, 

figures out what really matters, and tries to give us 

some clarity about why it flagged something as fraud. 

The model is structured into five core modules: 

 Data Collection Layer 

 Preprocessing and Feature Engineering Layer 

 AI Decision Engine (Hybrid ML/DL Layer) 

 Explainability and Ethics Module 

 Feedback Loop for Continuous Learning 

2.2.Block Diagram of the Proposed Model 

Below is a simplified block diagram representing the 

components of the proposed model: (Figure 1) 

1.1.Model Components and Their 

Functionality 

1.1.1. Data Collection Layer 

This is where everything starts. The system grabs 

whatever it can—transaction logs, user sign-ins, 

behavior trails, even outside threat reports. Some of 

it’s clean and structured, like database entries, but a 

lot isn’t. We’re talking messy logs, scattered emails, 

and so on. Still, the point is to gather enough variety 

so the system can actually spot when something just 

doesn’t look right. Turns out, blending different types 

of data really helps when it comes to building a solid 

picture of how users typically behave—and catching 

the weird stuff [18]. 

1.1.2. Preprocessing & Feature Engineering 

Layer 

Once that data’s collected, it needs to be cleaned up. 

That means stripping out junk, standardizing formats, 

and figuring out which pieces matter most. It’s not 

glamorous, but it’s important. You look at stuff like 

how often someone’s logging in, where from, 

whether it’s the same device, or if the timing’s off. 

All those little details matter. Research suggests that 

this step—choosing the right bits and tossing the 

noise—can seriously improve how well the system 

catches fraud [19]. 

1.1.3. AI Decision Engine 

This bit acts like the brain of the whole system. It 

doesn’t rely on a single trick—instead, it kind of 

adjusts depending on what it's looking at. So, if 

there’s already some clear info on which cases turned 

out to be fraud, the system tends to fall back on 

familiar methods like decision trees or boosting to 

figure out what might come next. But when there 

aren’t clear labels, it has to rely on more exploratory 

stuff—like clustering or compression-based 

models—to spot anything out of the ordinary. 

Usually, it mixes both styles. That mash-up tends to 

work better in practice, especially when the goal is to 

catch fraud without blowing up the false alarm count 

[20]. 
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Figure 2 Block Diagram 

 

1.1.4. Explainability & Ethics Layer 

You can’t just have a system spitting out results 

without knowing what’s going on under the hood. 

That’s where this piece comes in. It uses explainers—

some tools that break down the “why” behind a 

decision—in ways that actual people can follow. 

That’s useful if you’ve got to justify things to a 

regulator or even just explain it to someone on the 

team. Oh, and it also checks if the model’s being 

fair—because, yeah, sometimes systems make biased 

calls without meaning to. And that’s not okay, 

especially in sensitive areas like this [21]. 

1.1.5. Feedback Loop & Model Retraining 

Here’s the part that helps the system stay sharp. 

Basically, once it makes a call, it listens. If someone 

flags an error—or confirms a hit—that info loops 

back in and helps it learn. The cool part? It doesn’t 

need a full restart. It just updates on the fly. Which is 

great, because scammers are always changing their 

game. This way, the system isn’t stuck in the past—

it keeps up, little by little [22]. 

1.1.6. Advantages of the Proposed 

Framework 

One big plus of this setup is its ability to flag fraud in 

real time—pretty much as it’s happening. It’s also 

built to handle both familiar attack patterns and 

newer, sneakier anomalies that haven’t shown up 

before. The model doesn’t just do its thing—it can 

actually show you why it made a call, which goes a 

long way in building trust. And honestly, one of the 

best parts? It keeps learning. You throw in fresh data, 

and it sort of figures things out on its own—no need 

to go back and rebuild everything from scratch. 

1.1.7. Challenges to Address 

Still, let’s be real—it’s not without its flaws. There 

are a few things that still need working out. And when 

you’re dealing with someone’s personal info, you just 

can’t afford to wing it. Stuff like GDPR and CCPA? 

Yeah, those are must-follows—you’ve got to play by 

the book. Then you’ve got folks trying to mess with 

the model itself, using sneaky tricks to confuse it. 

And honestly, some of the tech powering this thing—

especially the deep learning parts—can be a bit of a 

resource hog. Running everything smoothly in real 

time? That takes a solid setup. These challenges 

remind us that building smarter systems also means 

building them responsibly [23]. 

2. Results and Discussion 

2.1.Experimental Setup 

To see how well this AI-based system actually 

performs, we ran a bunch of tests using well-known 

datasets. One of them was the Credit Card Fraud 

Detection set from Kaggle—it’s got nearly 285,000 

records from real, anonymized transactions. The 

other was the NSL-KDD dataset, which is popular for 

intrusion detection and includes a range of network 

connection logs. We gave a mix of models a shot—

some pretty straightforward, others a bit more on the 

heavy-duty side. That list included things like 

Logistic Regression, Decision Trees, Random Forest, 

and XGBoost. For the more complex stuff, we ran 

Support Vector Machines, Multilayer Perceptrons, 

CNNs, and even some Autoencoders to see how 

they’d hold up. To figure out how well each one 

performed, we focused on a few go-to metrics—

things like accuracy, precision, recall, F1-score, and 

AUC. Everything was built and tested in Python 

using tools like Scikit-learn, Keras, and TensorFlow. 

https://irjaeh.com/
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And yeah, we made sure to run it all on a GPU-

enabled setup, just to keep things moving fast. 
2.2.Results on Credit Card Fraud Dataset 

 

 

Table 2 Model Performance on Credit Card Fraud Dataset 

Model Accuracy Precision Recall F1-Score AUC 

Logistic 

Regression 
97.80% 89.30% 62.10% 73.20% 91.4 

Decision Tree 96.70% 84.50% 69.80% 76.40% 89.6 

Random Forest 98.30% 91.70% 78.30% 84.40% 95.2 

XGBoost 98.90% 93.40% 84.50% 88.70% 96.3 

SVM 97.20% 87.10% 65.40% 74.70% 90.1 

MLP 98.10% 89.20% 81.00% 84.90% 94.5 

CNN 98.50% 91.50% 82.70% 86.90% 95.6 

Autoencoder 99.10% 92.60% 85.20% 88.70% 96.9 

 

Autoencoder and XGBoost models showed the best 

balance between recall and precision, making them 

effective in minimizing false negatives and false 

positives [24]. (Figure 2) 

 

 
Figure 2 Precision-Recall Comparison of AI Models 
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2.3.Results on NSL-KDD Dataset (Anomaly 

Detection in Networks) 

 

 

Table 3 Detection Performance on NSL-KDD 

Model Accuracy Precision Recall F1-Score AUC 

Logistic 

Regression 
91.20% 85.50% 76.20% 80.60% 89.1 

Random Forest 94.60% 89.20% 84.30% 86.70% 92.8 

XGBoost 95.30% 90.10% 86.40% 88.20% 94.6 

CNN 96.50% 92.30% 88.90% 90.60% 95.8 

Autoencoder 97.10% 93.60% 90.70% 92.10% 96.4 

The deep learning-based Autoencoder achieved the 

best overall performance on both datasets, validating 

its strength in unsupervised anomaly detection [25]. 

(Figure 3) 

 
Figure 3 ROC Curve of Top 3 Models (NSL-

KDD) 

 

The ROC curve shows that Autoencoder significantly 

outperforms others with the highest AUC value of 

96.4% [25]. 

2.4.Discussion and Key Takeaways 

So, what really came through in the results? Honestly, 

the hybrid models were kind of the MVPs here—

especially when deep learning got paired up with 

things like XGBoost. That combo just works. It’s 

flexible, sharp, and seems to handle fraud patterns 

with more finesse than the rest. Autoencoders also 

held their own. What’s cool is that they don’t need 

everything labeled, which is a huge help when there 

just isn’t enough clean fraud data to work with—

something that happens a lot in the real world [26]. 

Still, we shouldn’t write off the older-school machine 

learning stuff. In cases where systems are low on 

resources—or when it’s more important to explain 

the “why” behind a prediction—they do a solid job. 

You might not always need the flashiest tool if you 

just need clear and dependable. And yeah, 

explainability keeps popping up as a big deal. In 

finance or legal spaces, being accurate isn’t enough. 

You’ve got to be able to show your work. Otherwise, 

people aren’t going to trust what the AI says [27]. 

2.5.Future Directions 

Fraud’s not standing still—and neither can we. If 

anything, it’s getting trickier, which means the tech 

fighting it needs to level up too. Future models are 

going to need better defenses, more fairness, easier 

ways to explain themselves, and serious respect for 

user privacy. 

2.6.Federated Learning for Privacy-

Preserving Fraud Detection 

One thing that’s starting to get attention is federated 

learning. It’s kind of a team effort approach—

different places (like banks or agencies) train the 

same model together without actually sharing their 

private data. Everyone keeps their own info safe, but 

the model still learns across the board. 

This setup helps get around the usual privacy 

headaches. It lets institutions team up without 

crossing legal lines, especially with rules like GDPR 

https://irjaeh.com/
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and CCPA always hanging overhead [28]. 

2.7.Adversarial Robustness and Defense 

Mechanisms 

The truth is, AI systems aren’t invincible. Some 

attackers are clever enough to feed in data that looks 

normal but is designed to trick the model—that’s 

what’s known as an adversarial attack. It’s a sneaky 

tactic, and yeah, it can work if the model isn’t 

prepared. That’s why future systems really need to be 

trained with that in mind. Stuff like adding noise 

during training, using tougher validation checks, or 

just making the model more resilient overall—it all 

helps. In high-stakes areas like banking or 

government, a single miss can cost big. So yeah, 

making AI tougher is kind of a must [29]. 

2.8.Explainable AI (XAI) for Transparent 

Decision-Making 

These days, you can’t just say “the AI said so” and 

leave it at that—people want to know why. And fair 

enough. Tools like SHAP, LIME, and those “what-

if” model explainers can actually show what went 

into a decision. That’s super helpful for analysts 

trying to make sense of model outputs—or for 

auditors who just need a straight answer. Especially 

in sectors like finance or healthcare, if someone’s life 

or money is on the line, trust is everything [30]. 

2.9.Ethical AI and Bias Mitigation 

AI learns from the data we give it—which means if 

that data’s got bias baked in, the system ends up 

repeating those same patterns. That’s a real problem. 

Future systems should include ways to catch that stuff 

early: tools that spot unfair treatment, audits that 

highlight bias, and guidelines like IEEE 7000 or 

AI4People to help teams build more responsible 

models. At the end of the day, fairness doesn’t have 

to mean sacrificing performance. You can—and 

should—have both [31]. 

2.10. Real-time AI Deployment and Edge 

Computing 

If you want fraud detection to happen right then and 

there, the model can’t sit around waiting on a data 

center. It needs to work out on the edge—on the 

actual ATM, phone, or terminal where the action is. 

That’s tricky, though, because models tend to be 

bulky. So the future’s looking at lighter solutions—

tinyML, compression tricks, or even brain-inspired 

chips that use way less power. The aim? Keep things 

fast, lean, and still accurate [32]. 

Conclusion 
The way AI’s been changing fraud detection? 

Honestly, it’s kind of impressive. It doesn’t just scan 

data anymore—it adapts, learns, and gets sharper 

with every cycle. In this write-up, we’ve looked at a 

mix of approaches. Some pretty classic, like old-

school ML, and others more on the advanced side—

deep learning, hybrid models, stuff like that. A couple 

of standouts? Definitely Autoencoders—they’re 

solid, especially when labeled examples are thin. And 

XGBoost keeps showing up too. It handles weird 

edge cases pretty well. That said, no system’s perfect. 

AI can still get fooled. Sometimes it’s hard to know 

why it made a call. And yeah, privacy is still kind of 

a gray area in some cases. The model we outlined? 

It’s a shot at filling some of those gaps. It mixes 

techniques, tries to explain its own logic, and keeps 

evolving as it sees more. It's not flawless, but it’s 

moving in the right direction. Because, let’s be real—

fraud’s always changing, so our tools need to keep 

up. What’s ahead? Probably more work on stuff like 

federated learning, fairness, and making models 

harder to trick. There’s a long way to go, but if 

anything, this review lays down a bit of groundwork. 

A starting point, really. Somewhere to build from. 
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