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ABSTRACT

Digital banking makes financial services more accessible while creating opportunities for
account takeover, payment scams, identity misuse, and coordinated fraud networks. Artificial
intelligence can strengthen fraud prevention by analysing transactions, devices, customer
behaviour, and relationships between accounts. This paper examines supervised learning,
anomaly detection, graph analytics, natural language processing, and behavioural
authentication as complementary components of banking security. It also considers the
limitations of these methods, including rare fraud labels, changing attack patterns, false alerts,
opaque decisions, privacy concerns, and deliberate manipulation. A practical framework is
proposed that connects secure data management and layered detection with risk-based
authentication, human investigation, model oversight, and service continuity. The central
argument is that Al contributes most effectively when it operates within an accountable
security programme. Its value should be assessed through fraud detection performance,
customer impact, decision traceability, and the ability to maintain protective controls during
disruption.
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anomaly detection, graph analytics, behavioural biometrics, adaptive authentication, model
governance.

1. INTRODUCTION

Mobile applications, internet banking, cards, wallets, and instant payment systems have
changed how customers access financial services. Activities that previously depended on
branch visits or lengthy verification can now be completed remotely within seconds. Digital
channels also support processes such as loan applications and customer onboarding. These
developments improve convenience, but they shorten the time available to identify and
interrupt fraudulent activity. Attackers exploit this environment through stolen credentials,
phishing, SIM-swap attacks, remote-access scams, synthetic identities, and networks of mule
accounts. A single incident may involve several stages and multiple organisations. For
example, a deceptive message may lead to credential theft, followed by unauthorised access
and transfers through a chain of receiving accounts. Detecting only the final transaction can
leave important warning signs unexamined. Conventional rules remain useful for recognised
threats and clear control requirements. However, fixed thresholds and manual reviews alone
have difficulty handling changing behaviour and large transaction volumes. Al can
supplement these controls by combining signals, identifying unusual activity, and supporting
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timely decisions. This paper explains the principal techniques, illustrates their application,
and develops a framework for deploying them with governance and operational safeguards.

2. UNDERSTANDING AI AND DIGITAL BANKING

Artificial intelligence refers here to machine-based systems that use input data to produce
predictions, recommendations, content, or decisions. Their degree of autonomy and capacity
to adapt can vary. In fraud prevention, the most relevant applications estimate risk, detect
deviations, identify connected entities, and support investigators. An Al output is evidence for
a decision rather than proof that a customer or transaction is fraudulent. Digital banking is the
delivery of banking services through electronic channels, including online platforms, mobile
applications, and electronic payment infrastructure. It includes routine payments and account
services as well as digitally supported onboarding and credit processes. Security must
therefore address identity, access, transactions, and the wider systems on which these services
depend.

3. DISTINCTIVE FEATURES OF DIGITAL BANKING FRAUD

Digital fraud combines scale, speed, and interdependence. Automated tools can generate large
numbers of login attempts, phishing messages, or card-testing transactions. Once an attacker
gains access, funds may move rapidly through several accounts. Fraud prevention must
consequently evaluate events in context and respond within the constraints of the payment
channel. Many attacks unfold as sequences rather than isolated actions. Repeated failed
logins, a password reset, a newly registered device, a beneficiary change, and an unusual
transfer may each appear inconclusive when examined separately. Their combined pattern
may indicate a more serious threat. Linking session activity to payment behaviour can help
expose this progression. Banks also depend on telecom providers, device platforms,
merchants, payment gateways, and fintech partners. Weaknesses or disruptions across these
relationships can affect security. Effective prevention requires coordinated controls,
information flows, and incident procedures alongside transaction monitoring. Because
attackers adjust their methods, the control environment needs continuing review rather than
occasional rule updates.

4. Al TECHNIQUES FOR FRAUD PREVENTION

Fraud models draw on signals such as payment amounts, transaction timing, device attributes,
login history, beneficiary activity, merchant characteristics, and account relationships.
Different techniques answer different questions. Combining them can provide a fuller risk
assessment, provided their outputs are tested and translated into proportionate actions.
Supervised learning for transaction risk scoring

Supervised models learn from historical examples labelled as fraudulent or legitimate. Labels
may come from confirmed customer reports, chargebacks, disputes, or completed
investigations, although their reliability and timing require attention. The model then assigns
new activity a score indicating its resemblance to the patterns learned during training. Such
scores need validation and, where appropriate, calibration before being interpreted as
probabilities.
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Logistic regression offers a relatively interpretable starting point. Random forests and
gradient-boosted trees can represent more complex relationships between features. Deep
learning may be useful when sufficient data are available or when the sequence of customer
actions provides meaningful information. Model choice should reflect the quality of the
available evidence, operational constraints, and the need to explain decisions. Risk scores
become more useful when accompanied by understandable reasons, such as a new device, an
unusually large amount, rapid repeated attempts, or an unfamiliar beneficiary. These
explanations must be generated and checked deliberately; they do not follow automatically
from every model. Clear reasons help investigators prioritise cases and support review of
customer-facing decisions.

5. ANOMALY DETECTION FOR UNFAMILIAR ACTIVITY

Fraud that differs from previous cases may escape a model trained mainly on known attacks.
Unsupervised methods address this problem by identifying activity that departs from
expected patterns. Clustering, isolation forests, and autoencoders can help assess unusual
behaviour at the customer, merchant, or account-segment level. Approaches trained primarily
on legitimate activity can also highlight deviations when confirmed fraud examples are
scarce. Consider an account that normally makes a few modest payments each month.
Several large transfers to new beneficiaries at unusual hours may generate an anomaly alert
even if the transactions do not match a familiar fraud pattern. The alert indicates a need for
further assessment, legitimate changes in customer circumstances can also produce unusual
activity. Combining anomaly indicators with supervised scores and contextual rules helps
distinguish unexpected behaviour from actionable risk. An otherwise moderate transaction
score may deserve greater attention when it coincides with a substantial departure from the
customer's normal activity.

6. GRAPH ANALYTICS FOR CONNECTED FRAUD

Graph analytics represents entities as nodes and their relationships as links. Accounts can be
connected to devices, phone numbers, IP addresses, merchants, beneficiaries, and other
accounts. This representation allows investigators to examine coordinated activity that may
be difficult to recognise through individual transaction records. Relevant patterns include
many accounts using the same device, an account receiving funds from numerous unrelated
senders, or rapid transfers across several intermediaries. These patterns can help identify
possible mule networks and organised fraud rings. Shared attributes alone do not establish
wrongdoing, so network findings need contextual interpretation and investigation. For instant
and person-to-person payments, graph information can complement transaction scoring by
revealing where funds are moving and how receiving accounts are related. It can also help
investigators connect apparently separate alerts and assess the broader network supporting an
incident.

Natural language processing for scam intelligence

Social engineering often begins outside the transaction system through messages, emails,
calls, or fraudulent support interactions. Natural language processing can help examine
reported content for recurring scam language, impersonation themes, and suspicious requests.
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Related security systems can assess URLs and other technical indicators alongside the text.
Banks can apply these methods to employee email screening, customer-submitted reports,
complaint analysis, chatbot reviews, and call-centre triage. Grouping similar complaints may
reveal emerging campaigns and help teams update warnings or investigation priorities. These
applications depend on appropriate access to the content and should complement
authentication and payment controls.

Behavioural analysis and adaptive authentication

Identity protection requires attention throughout a session. Typing patterns, swipe behaviour,
device characteristics, location consistency, and navigation sequences can provide evidence
about whether activity is consistent with the expected user. Where available and appropriate,
behavioural signals can supplement conventional identity checks. Adaptive authentication
uses assessed risk to select additional verification. Familiar activity may proceed with the
required baseline controls, while an unfamiliar device combined with suspicious network or
session behaviour may trigger stronger checks. Possible responses include an additional
authentication factor, biometric confirmation, or verification through a trusted separate
channel. The objective is to apply proportionate friction while retaining mandatory
protections. Behavioural signals can be noisy, so decisions should consider context and offer
legitimate customers a workable route to verification.

7. ILLUSTRATIVE BANKING APPLICATIONS

Card not present payments

An online card purchase can be assessed using the transaction amount, device history, IP
reputation, merchant category, time of day, repeated attempts, and available billing or
shipping information. Together, these signals help estimate whether the purchase is consistent
with prior activity or resembles recognised misuse. Depending on the payment process and
bank policy, lower-risk activity may proceed, uncertain cases may require additional
authentication or customer confirmation, and higher-risk attempts may be declined. The
purpose is to interrupt fraudulent use while limiting unnecessary rejection of genuine
purchases. Decisions must also fit the response time and authentication options of the
channel.

Instant payments and mule accounts:

A newly added beneficiary followed by an unusually large transfer can justify closer scrutiny,
particularly when the receiving account is associated with rapid onward transfers or
suspicious shared devices. Supervised scores identify transaction-level risk, while graph
analysis provides information about the receiving network. Where operationally and legally
available, responses may include additional verification, a warning, review of a pending
transfer, or restrictions on suspicious onward activity. Because completed instant payments
may be difficult to interrupt or recover, early detection and coordinated investigation are
especially valuable.

Account takeover:

Account takeover can develop through credential stuffing, SIM-swap activity, or other forms
of access compromise. A sequence involving repeated login failures, an unfamiliar device,
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password changes, altered payee details, and a sudden transfer may carry more risk than any
individual event suggests. Continuous session assessment can bring these indicators together.
Implausible location changes, unusual network characteristics, abnormal navigation, or
available signs of remote access may prompt stronger verification or restrictions on sensitive
actions. These measures aim to reduce the opportunity for an attacker to use compromised
access.

Synthetic identities in digital lending:

Fraudulent applications may combine genuine and fabricated identity attributes or reuse
devices and other details across supposedly unrelated applicants. Anomaly detection can
identify inconsistent application patterns, while text analysis may reveal repeated narratives
or unusual similarities. These findings can support enhanced identity checks and manual
assessment before an application proceeds. Similarity is an investigative lead rather than
conclusive evidence, and the review process should distinguish suspected identity fraud from
ordinary credit risk and legitimate shared circumstances.

8. CHALLENGES IN DEPLOYMENT

Rare fraud events and imperfect labels:

Fraud normally represents a small share of transactions. A model can therefore achieve high
overall accuracy while missing most fraudulent cases. Evaluation should include precision,
recall, and the area under the precision-recall curve, together with financial loss and
investigation workload. Sampling or rebalancing methods must be assessed against realistic
transaction distributions. Delayed or uncertain labels can further complicate training and
evaluation.

Changing behaviour and attack patterns:

Customer activity changes with seasons, products, and circumstances, while attackers adjust
to deployed controls. These changes can weaken previously useful relationships between
features and outcomes. Monitoring should distinguish changes in input data from changes in
actual detection performance. Retraining and threshold adjustments need validation rather
than automatic acceptance simply because drift has been observed.

False positives and customer experience:

Repeated challenges or declines can disrupt legitimate payments and damage customer
confidence. Banks need to assess the cost of missed fraud alongside the inconvenience
imposed on genuine users. Appropriate verification and review options can reduce reliance on
outright rejection. Alert volumes should also remain manageable for investigators so that
high-risk cases receive timely attention.

Explain ability and accountability:

Decisions that delay payments or restrict accounts need a clear basis for review. Model
documentation, meaningful reason codes, decision logs, and records of human overrides help
make automated controls accountable. Explanations should support internal oversight and
appropriate customer communication without exposing sensitive detection details.

Privacy and secure data use:
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Fraud prevention can involve sensitive financial, identity, device, and behavioural
information. Data collection should be limited to justified purposes, supported by controlled
access, secure storage, encryption, and appropriate retention arrangements. Training and
monitoring practices also need to account for applicable obligations and the handling of data
by service providers.

Adversarial behaviour and service disruption

Fraudsters may probe limits with small transactions, imitate legitimate behaviour, or
manipulate the data on which detection depends. Layered controls, rate limits, and adversarial
testing help address these risks. Banks must also prepare for unavailable models, delayed
features, vendor outages, and cyber incidents. Protection of payment services requires tested
fallback arrangements and clear incident ownership.

A Framework for Resilient Fraud Prevention:

The proposed framework treats Al as one part of an end-to-end control system. It connects
governance, data, detection, customer protection, monitoring, and recovery so that analytical
outputs lead to accountable operational decisions.

Establish governance and risk appetite:

Banks should define acceptable fraud exposure, customer disruption, and investigation
demand. These objectives guide thresholds and escalation policies. Responsibilities should be
assigned for model development, independent review, security controls, customer support,
and incident response. Clear ownership makes it possible to resolve conflicts between
detection performance, operational capacity, and usability.

Build secure and dependable data pipelines:

Transaction records should be linked, where justified, with authentication events, device
information, customer profiles, complaints, chargebacks, and investigation outcomes. Data
quality checks need to address missing values, inconsistent identifiers, timeliness, and label
reliability. Encryption, access restrictions, audit logs, and retention controls should protect the
information throughout its use, including transfers between teams and vendors.

Combine detection methods with operational decisions:

Rules can address established restrictions and recognised attack patterns. Supervised learning
adds risk estimates, anomaly detection highlights unfamiliar activity, and graph analytics
exposes connections between events. A decision layer should translate these signals into
approval, additional verification, review, or restriction according to policy and channel
capabilities. Human investigators remain essential for ambiguous, complex, and high-impact
cases.

Apply proportionate authentication and customer protection:

Additional verification should reflect assessed risk while maintaining required baseline
controls. Customer warnings and confirmation steps need to be understandable and suited to
the suspected threat. Escalation routes should allow legitimate users to resolve challenges,
and support teams should have enough context to respond effectively without disclosing
sensitive security information.

Monitor models and incorporate investigation feedback:

1446
Volume 13 Issue 04 October - December 2025 www.ijrt.org


http://www.ijrt.org/

International Journal of Research and Technology (IJRT)

International Open-Access, Peer-Reviewed, Refereed, Online Journal

ISSN (Print): 2321-7510 | ISSN (Online): 2321-7529

| An ISO 9001:2015 Certified Journal |

Monitoring should cover detection outcomes, false alerts, fraud losses, data quality, response
times, and the burden on customers and analysts. Feedback from completed investigations
can improve labels and reveal missed patterns. Challenger models can be evaluated alongside
the deployed model before controlled replacement. Decisions to retrain or adjust thresholds
should follow evidence about drift, performance, and emerging attacks.

Fallback rules and recovery procedures should be tested for scoring failures, unavailable data,
and third-party outages. Incident exercises and adversarial simulations can reveal weaknesses
before live events do. Versioned models, recorded features, scores, actions, and authorised
exceptions should make important decisions traceable. Review findings should feed back into
controls and response procedures so that the programme improves over time.

9. CONCLUSION

Al can strengthen digital banking security by combining transaction analysis with
behavioural and network evidence. Supervised models help recognise established fraud
patterns, anomaly detection highlights unfamiliar activity, graph methods reveal connected
accounts, and language analysis supports scam intelligence. Adaptive authentication
translates this evidence into additional protection when risk increases.

These capabilities depend on reliable data, realistic evaluation, human judgement, and
continuing oversight. Fraud prevention should therefore be managed across the full lifecycle,
from signal collection and model development to customer verification, investigation, and
recovery. A resilient approach balances detection effectiveness with customer access and
operational continuity. With clear accountability and traceable decisions, Al can support safer
digital banking while remaining subject to review and improvement.
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