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Abstract

Retail banks face two connected pressures. Fraud losses keep rising as payments move
online and criminals adapt, and customers expect offers and service that feel personal in a
market where products are easy to compare. Artificial intelligence and machine learning
promise to address both, yet many deployments stall because models are opaque, because staff
do not trust or adopt them, or because evaluation ignores the extreme imbalance of fraud data.
This paper presents an integrated study that covers the technical and the human side. On the
technical side, a pipeline compares four classifiers, a decision tree, logistic regression, gradient-
boosted trees, and a support vector machine, selects the best through held-out evaluation,
improves it with cross-validated tuning, and explains its decisions with local and global
attribution methods. A clustering analysis segments 25,000 customers by behaviour. On the
human side, an extended technology acceptance model is tested with a survey of 312 bank
employees to explain continued use of such tools, with employee experience as a moderator. The
tuned gradient-boosted model reached an area under the precision-recall curve of 0.874 and
detected 89.6% of fraud at a precision of 91.2%, outperforming the other classifiers and
reducing false alerts by 38% compared with the bank's rule-based benchmark. Five behavioural
segments were identified, and segment-targeted offers raised simulated response by 23%. In the
survey, perceived usefulness and attitude were the strongest drivers of continued usage,
perceived risk reduced it, and experience strengthened the effect of usefulness and weakened
the effect of awareness. The findings show that accuracy, explanation, and acceptance should be
designed together.

Keywords: Retail Banking, Fraud Detection, Customer Segmentation, Machine Learning,
Explainable Al, Technology Acceptance, Class Imbalance, SHAP.

1. Introduction

Retail banking is a high-volume, low-margin business in which millions of small transactions
pass through systems every day. Two problems dominate management attention. The first is
fraud. Card-not-present payments, account takeover, authorised push payment scams, and
synthetic identities have grown with the shift to digital channels, and every successful attack
costs the bank directly through reimbursement and indirectly through customer distrust. The
second is the relationship with customers. Customers compare rates and fees in minutes, and
switching is easier than ever. Banks that understand customer behaviour well enough to offer
the right product at the right moment gain loyalty, while those that send generic offers are
ignored.

Both problems are, at their core, problems of pattern recognition over large volumes of data,
which is exactly the domain in which machine learning excels. Models can learn the signature of
fraud from labelled history and score each transaction in milliseconds, and clustering methods
can group customers by what they actually do rather than by crude demographic labels.
Adoption in banks has nonetheless been uneven. Three obstacles recur. First, fraud data are
extremely imbalanced: genuine transactions outnumber fraudulent ones by hundreds to one, so
a model that labels everything as genuine appears highly accurate while detecting nothing.
Second, regulators, auditors, and customers require explanations. A bank that blocks a payment
or declines a loan must be able to say why, and many high-performing models are hard to
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explain. Third, technology is only valuable if people use it. Fraud analysts, branch staff, and
relationship managers must trust the tools and keep using them after the novelty fades;
otherwise the investment is wasted.

This paper treats these three obstacles together. It proposes a pipeline, shown in Fig. 1, that
handles imbalance, compares and tunes classifiers, and attaches explanation methods to the
chosen model. It adds a behavioural segmentation of customers using unsupervised learning.
And it studies the human factors that determine whether employees continue to use such tools,
using an extended technology acceptance model that includes ease of use, usefulness, knowledge,
awareness, perceived risk, attitude, and employee experience. The contributions are as follows.
First, a documented and reproducible pipeline for fraud detection with explanation. Second, a
segmentation of retail customers with direct implications for marketing and service. Third,
empirical evidence on the drivers of continued use among bank employees. Fourth, practical
recommendations that link the technical and organisational findings. The paper is organised as
follows: Section II reviews background, Section III related work, Section IV methodology, Section
V experimental setup, Section VI results, Section VII discussion, and Section VIII concludes.

2. LITERATURE REVIEW

A. Fraud in retail banking

Fraud takes many forms in retail banking. Card fraud includes the use of stolen card details
online and the use of counterfeit or lost cards in person. Account takeover occurs when a
criminal gains access to a customer account through phishing or credential theft. Scams, in
which victims are deceived into authorising payments themselves, are especially hard to detect
because the transaction is made by the genuine customer. Fraudsters adapt quickly: when one
tactic is blocked, they switch to another, so patterns drift over time. Traditional defences are
rule-based, with thresholds on amount, location, or velocity written by analysts. Rules are
transparent and easy to audit, but they are brittle, they generate many false alerts, and they
cannot capture subtle combinations of features.

B. Machine learning for fraud detection

Supervised learning treats fraud detection as classification. A model is trained on historical
transactions labelled as genuine or fraudulent and learns to score new ones. Common choices
include logistic regression, decision trees, tree ensembles such as random forests and gradient
boosting, support vector machines, and neural networks. Tabular transaction data tend to favour
gradient-boosted trees, which handle mixed feature types and non-linear interactions with little
preprocessing. The main technical challenge is class imbalance. Remedies include resampling
the training data, by duplicating or synthesising minority examples or removing majority
examples, giving higher weight to errors on the minority class, and choosing evaluation
measures that are not dominated by the majority. Accuracy is a poor measure when fraud is a
fraction of one percent of transactions. Precision, which is the share of alerts that are genuine
fraud, recall, which is the share of fraud that is caught, and the area under the precision-recall
curve are more informative.

C. Customer segmentation

Segmentation divides customers into groups whose members are similar to each other and
different from other groups. Banks have long used demographic and product-holding variables.
Behavioural segmentation uses transaction patterns, channel use, balances, and engagement,
and can reveal groups that demographic labels hide, such as customers who are digitally active
but low in balance, or affluent customers who rarely use any channel. Unsupervised methods
such as centroid-based clustering, hierarchical clustering, and density-based clustering are
standard. Practical issues include choosing the number of segments, scaling variables so that
none dominates, handling skewed financial variables, and interpreting the result in terms that
business users can act on.

D. Explainable artificial intelligence
Explainability is central to the use of machine learning in regulated finance. Interpretable
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models, such as short decision trees and logistic regression, are understandable by design, but
they may sacrifice accuracy. For complex models, post-hoc explanation methods are used. Local
interpretable model-agnostic explanations approximate the behaviour of a complex model
around a single prediction with a simple model, showing which features pushed that prediction
up or down. Attribution methods based on cooperative game theory, commonly known by the
name SHAP, assign each feature a contribution to a prediction in a way that is consistent across
predictions, and can be aggregated to show global feature importance. Both are used in the
pipeline of Fig. 1. Their limitation is that they explain the model, not the world: a feature may be
important to the model because of a spurious pattern in the data.

E. Technology acceptance among employees

Even the best model has no value if staff do not use it. The technology acceptance model
explains use through two beliefs: perceived usefulness, the degree to which a tool improves
performance, and perceived ease of use, the degree to which it is free of effort. These shape the
attitude toward using the technology, which in turn shapes the intention to use and actual use.
Extensions add factors that matter in banking: knowledge of the technology, awareness of its
capabilities and uses, and perceived risk, which includes concerns about errors, data security,
job security, and accountability. Experience is a frequent moderator, because more experienced
employees may weigh these factors differently from novices. The extended model used in this
paper, shown in Fig. 2, follows this tradition and focuses on continued usage, which is what
determines long-term return on investment.

3. RELATED WORK

Many studies have applied classifiers to public card transaction data. They generally report
that tree ensembles outperform single trees and linear models, and that resampling or cost-
sensitive learning improves recall. A frequent shortcoming is the use of random splits for time-
dependent data, which allows information from the future to leak into training, and the
reporting of accuracy or area under the receiver operating curve, which can look excellent even
when precision is poor. Studies that use realistic temporal splits and precision-based measures
generally report lower but more honest performance.

Studies of technology adoption in banking, largely on customers, have confirmed the roles of
usefulness and ease of use. Research on employees is scarcer, though it is employees who
operate fraud systems and who act on segmentation. The present paper differs from the existing
literature by combining all three strands: a fraud pipeline evaluated with appropriate measures
and explanation, a segmentation tied to targeting outcomes, and a test of employee acceptance
with an extended model that includes risk, awareness, knowledge, and experience.

4. METHODOLOGY

A. Fraud detection pipeline

The fraud detection pipeline is summarised in Fig. 1. It starts with the dataset, which passes
into data preprocessing. The cleaned data are then split into training and test portions. The
training portion feeds the classifier selection stage, where four classifiers are trained: a decision
tree, logistic regression, gradient-boosted trees, and a support vector machine. Each is evaluated
on the test portion at the model evaluation step, and the best is selected. The selected classifier
moves into the improvement stage, where K-fold cross-validation is used to tune it, the tuned
model is trained on the training data, and the fine-tuned model is evaluated on the test data. The
result is the fraud detection output. In parallel, the selected classifier is passed to the explainable
artificial intelligence stage, where local and global attribution methods are applied.
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Fig. 1. Fraud detection pipeline: preprocessing, data splitting, classifier selection,
improvement through cross-validation, fraud detection, and explainable Al

B. Data preprocessing

Preprocessing addressed missing values, scaling, encoding, and imbalance. Records with
missing key fields were removed when they were few, and otherwise filled using the median for
numeric fields and an explicit missing category for categorical fields. Amount variables were log-
transformed to reduce skew and then standardised. Categorical variables, such as merchant
category and channel, were encoded as numeric indicators. Additional features were engineered
to capture behaviour: the number of transactions by the same card in the past hour and day, the
ratio of the current amount to the card's recent average, the time since the previous transaction,
whether the merchant or country was new for the card, and the distance from the previous
transaction location. Features used only information available at the time of the transaction.

Imbalance was handled in two ways, compared in the experiments. The first was cost-
sensitive learning, giving errors on fraud cases a larger weight. The second was synthetic
oversampling of the minority class in the training portion only, so that the test portion kept its
natural, imbalanced distribution. The test set was never resampled, since the performance of
interest is performance on real-world proportions.

C. Data splitting

Because fraud patterns drift, the split followed time order: the earliest 70% of transactions
were used for training and the latest 30% for testing, instead of a random split. Within the
training portion, cross-validation used time-aware folds in which each validation fold lay after
its training folds. This arrangement mimics deployment, in which a model trained on the past is
used on the future.

D. Classifier selection and improvement

The four classifiers differ in character. The decision tree is transparent but prone to over-
fitting. Logistic regression is a linear baseline that is easy to explain and calibrate. Gradient-
boosted trees combine many small trees, each correcting the errors of the previous ones, and
usually give the best accuracy on tabular data. The support vector machine finds a boundary
with a wide margin between classes and can use kernels for non-linear separation, but scales
poorly to large data. Each was trained with sensible defaults, evaluated on the test set, and
compared on precision, recall, F1 score, area under the precision-recall curve, and area under
the receiver operating curve. The best classifier, judged mainly by the area under the precision-
recall curve, was then improved. Tuning searched over tree depth, learning rate, number of trees,
sampling fractions, regularisation strength, and the weight given to fraud cases, using time-
aware cross-validation on the training portion, and the final model was retrained on the whole
training portion with the best settings and evaluated once on the test portion. The decision
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threshold for raising an alert was also chosen from the cross-validation results, to reflect the
bank's tolerance for false alerts.

E. Explainable Al

Explanation was provided at two levels. Global explanation used the attribution method to
rank features by their average contribution across the test set and to show how the model
responds to changes in the most important features. Local explanation used both attribution and
the local surrogate method on individual alerts, generating for each alert a short list of the
features that most increased the fraud score, in language that analysts can read, such as a
transaction amount far above the card's usual level, or the first use of the card in a new country
within an hour of a domestic purchase. The agreement between the two methods on the top
features of each alert was recorded as a check on explanation reliability.

F. Customer segmentation

Segmentation used behavioural variables for each customer over twelve months: average
monthly balance, number and value of card transactions, share of digital versus branch
interactions, number of products held, use of credit, savings regularity, and recency of activity.
Skewed variables were log-transformed and all variables were standardised. Centroid-based
clustering was applied for a range of cluster numbers. The number of clusters was chosen by
combining the within-cluster compactness curve, a measure of how well separated the clusters
are, and stability across repeated runs with different starting points, and then confirmed by the
business interpretability of the result. Each segment was profiled by comparing its average
variables with the population, and was given a descriptive name by a panel of bank marketing
and service managers.

G. Extended technology acceptance model

To study continued use of Al tools, the paper tests the model shown in Fig. 2. Five
antecedents are considered: perceived ease of use, perceived usefulness, knowledge in
technology, awareness, and perceived risk. The first three are hypothesised to shape attitude
toward technology usage, which in turn drives continued usage. All five are also hypothesised to
influence continued usage directly. Employee experience is proposed as a moderator: it may
change the strength of the relations between each antecedent and attitude, and between each
antecedent and continued usage. The seventeen hypotheses are listed in Table 1.

H10, H11, H12

H1

Attitude toward
H2 technology usage

Perceived
ease of use 5

Perceived 4
usefulness

Knowledge in
technology

H4

| Continued
2 usage

Awareness

Hg
Perceived

risk

,
,
-,
\
Y
% 4
Employee
experience

Fig. 2. Extended technology acceptance model for continued usage of Al tools by bank
employees, with employee experience as a moderator (H1 to H17).
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TABLE 1. Research Hypotheses

Code Hypothesis
H1 Perceived ease of use positively affects attitude toward technology usage.
H2 Perceived usefulness positively affects attitude toward technology usage.
H3 Knowledge in technology positively affects attitude toward technology usage.
H4 Attitude toward technology usage positively affects continued usage.

H5to H7 | Perceived ease of use, perceived usefulness, and knowledge in technology each
positively affect continued usage directly.

H8 Awareness positively affects continued usage.
H9 Perceived risk negatively affects continued usage.

H10 to Employee experience moderates the effects of ease of use, usefulness, and
H12 knowledge on attitude.

H13 to | Employee experience moderates the effects of ease of use, usefulness, knowledge,
H17 awareness, and perceived risk on continued usage.

5. EXPERIMENTAL SETUP
A. Fraud data

The fraud experiments used two sources. The first was a widely used public data set of
European card transactions over two days, containing 284,807 transactions of which 492, or
0.17%, were fraudulent, with anonymised numeric features. The second was a larger,
anonymised sample of 2.4 million card transactions from a retail bank over six months, with
0.31% labelled as fraud after investigation, and with the raw attributes needed to create the
behavioural features of Section IV.B. Results in this paper are reported for the bank sample
unless noted, and the public data set was used to check that conclusions about classifier ranking
held on open data. Labels were taken from confirmed fraud cases, and a delay window was
respected so that transactions not yet confirmed were not treated as genuine.

B. Survey

A questionnaire was administered to employees of retail banks who use or supervise Al-
based tools, such as fraud analysts, customer relationship managers, and branch operations staff.
Items were adapted from established scales and measured on a five-point agreement scale: three
to four items for each of perceived ease of use, perceived usefulness, knowledge in technology,
awareness, perceived risk, attitude, and continued usage. Employee experience was recorded as
years of working with Al-based tools and was split at the median into lower and higher
experience groups for moderation testing. After a pilot with 30 respondents and wording
revisions, the final survey was sent to 540 employees in five banks, and 312 usable responses
were obtained, a response rate of 58%. Respondents were 54% male, with a mean age of 36, and
a mean of 3.8 years of experience with such tools. Voluntary participation, anonymity, and
consent were assured, and the study was approved by an ethics committee.

C. Analysis and implementation

The fraud and segmentation models were implemented in Python using standard machine
learning libraries, and all random processes used fixed seeds, with results averaged over five
seeds. Differences between classifiers were tested with paired bootstrap resampling of test
transactions. The survey model was estimated using partial least squares structural equation
modelling, which suits models with many constructs and moderate samples. Reliability was
assessed by internal consistency, and validity by convergent and discriminant criteria.
Moderation was tested by comparing paths across the lower and higher experience groups, with
significance judged by resampling at the five percent level.

299



6. RESULTS

A. Classifier comparison

Table 2 compares the four classifiers on the temporally held-out test set of the bank sample,
with the benchmark of the bank's existing rule-based system. Accuracy is not shown because it
exceeded 99.5% for every model and is uninformative. The decision tree detected 76.4% of
fraud but with only 58.9% precision. Logistic regression achieved 71.8% recall at 63.5%
precision, a reasonable linear baseline. The support vector machine reached 79.3% recall at
74.6% precision, at the price of long training time. Gradient-boosted trees were the best on
every measure, with 85.1% recall, 87.3% precision, and an area under the precision-recall curve
of 0.842. This is consistent with the ranking on the public data set, where gradient boosting
reached 0.826 against 0.755 for the support vector machine, 0.731 for the decision tree, and
0.672 for logistic regression.

TABLE 2. Classifier Comparison on the Temporal Test Set (Bank Sample)

Model Precision | Recall (%) F1 score PR-AUC ROC-AUC
(%) (%)
Rule-based benchmark 41.2 64.5 50.3 Not Not
applicable | applicable
Decision tree 58.9 76.4 66.5 0.668 0.931
Logistic regression 63.5 71.8 67.4 0.652 0.958
Support vector machine 74.6 79.3 76.9 0.753 0.964
Gradient-boosted trees 87.3 85.1 86.2 0.842 0.981
Gradient-boosted trees, 91.2 89.6 90.4 0.874 0.987
tuned

B. Effect of tuning and imbalance handling

After time-aware cross-validated tuning, the gradient-boosted model improved to 89.6%
recall at 91.2% precision and an area under the precision-recall curve of 0.874, a gain of 3.2
points over the default model. Compared with the rule-based benchmark, which achieved 64.5%
recall at 41.2% precision, the tuned model caught 25 more percentage points of fraud and
reduced false alerts by 38% at the operating threshold, which means analysts have fewer cases
to review. Cost-sensitive learning and synthetic oversampling performed similarly:
oversampling gave slightly higher recall, by 1.1 points, at the cost of 2.4 points of precision, and
cost-sensitive learning gave a better balance and was kept. A model trained with a random split
and evaluated on a random test set reported an area under the precision-recall curve of 0.93,
which overstates the performance by 5.6 points compared with the temporal evaluation,
showing the effect of information leakage.

C. Explanations

Global attribution showed that the most influential features were the ratio of the transaction
amount to the card's recent average, the number of transactions in the previous hour, whether
the merchant country was new for the card, the time since the previous transaction, and the
distance from the previous location. These make sense to fraud analysts and match known fraud
typologies. On individual alerts, the two explanation methods agreed on at least three of the top
five features in 87% of cases. Fraud analysts who reviewed 200 random alerts judged the
explanation sensible in 84% of cases. In the remaining cases, the explanations pointed to
features that were correlated with fraud in the data but did not represent a plausible mechanism,
such as a particular merchant code that had been heavily targeted during the training period.
These cases led to a review of the features and illustrate the value of explanation as a diagnostic
tool.

D. Customer segments
The clustering analysis supported five segments, as shown in Table 3. The combined evidence
of compactness, separation, and stability favoured five clusters, and the marketing panel found
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the five-segment solution the most interpretable. Digital Natives, at 24% of customers, make
frequent small card and mobile transactions, hold few products, and rarely visit branches.
Established Savers, at 21%, hold large balances, save regularly, and use credit sparingly. Credit-
Active Families, at 22%, have many products, high card spending, and revolving credit balances.
Branch-Loyal Seniors, at 18%, use branches and telephone for most interactions and make few
digital transactions. Dormant Accounts, at 15%, have low balances and little activity, and carry
the greatest risk of attrition..

Future research should prioritise three extensions. First, panel or quasi-experimental studies
tracking households before and after literacy-programme participation or digital banking rollout,
to strengthen causal claims about the literacy-to-usage-to-outcome pathway identified here.
Second, CBDC-specific field studies as live pilots mature, testing whether the perceived-security
and government-support pathways identified in the conceptual model (Section 1V-A) operate
similarly for CBDC as for privately operated mobile-money and banking products, an open
empirical question given CBDC's distinct trust architecture. Third, integration of objective
transaction and credit-bureau data, where obtainable under appropriate data-protection and
consent frameworks, to validate the self-reported economic empowerment and wellbeing
construct against observable financial behaviour and outcomes.

TABLE 3. Behavioural Customer Segments

Segment Share (%) | Main characteristics Digital use (%) | Suggested action
Digital Natives 24 Frequent small 92 Mobile offers,
transactions, few cross-selling of
products savings
Established Savers 21 High balances, regular 61 Investment and
saving wealth advice
Credit-Active 22 Many products, 74 Credit limit and
Families revolving credit consolidation
offers
Branch-Loyal 18 Branch and phone use, 23 Assisted service,
Seniors steady balances fraud awareness
Dormant Accounts 15 Low balance, little 35 Reactivation
activity campaign

To test commercial value, a simulation based on historical campaign responses compared
generic offers with segment-targeted offers. Targeted offers raised the predicted response rate
by 23% on average, from 3.9% to 4.8%, with the largest gain in the Credit-Active Families
segment, at 31%. Fraud rates also differed by segment: the Digital Natives had the highest rate of
card-not-present fraud, at 0.52% of transactions, and the Branch-Loyal Seniors the highest share
of scam-type losses by value, which suggests that fraud prevention messages should be tailored
by segment as well.

E. Employee acceptance

The measurement model showed good reliability, with internal consistency above 0.80 for all
constructs, and acceptable convergent and discriminant validity. The structural model explained
58% of the variance in attitude and 64% in continued usage. Table 4 reports the main findings.
Perceived ease of use, perceived usefulness, and knowledge in technology all had positive effects
on attitude, supporting H1 to H3, with usefulness the strongest. Attitude strongly increased
continued usage, supporting H4. Among direct effects, usefulness, ease of use, and awareness
significantly increased continued usage, supporting H5, H6, and H8, while the direct effect of
knowledge was positive but not significant, so H7 was not supported. Perceived risk had a
significant negative effect, supporting HO.

301



TABLE 4. Hypothesis Test Results (Standardised Path Estimates)

Hypothesis Path Estimate | Significance Result
H1 Ease of use to attitude 0.24 p<0.01 Supported
H2 Usefulness to attitude 0.41 p<0.001 Supported
H3 Knowledge to attitude 0.18 p <0.05 Supported
H4 Attitude to continued usage 0.37 p<0.001 Supported
H5 Ease of use to continued usage 0.15 p<0.05 Supported
H6 Usefulness to continued usage 0.29 p<0.001 Supported
H7 Knowledge to continued usage 0.09 Not Not
significant supported
H8 Awareness to continued usage 0.17 p <0.05 Supported
H9 Perceived risk to continued usage -0.22 p<0.01 Supported
H10 to H12 Experience moderating Mixed Only H11 Partly
antecedents of attitude significant supported
H13 to H17 Experience moderating Mixed H14 and Partly
antecedents of continued usage H16 supported
significant

The moderation results were mixed. Experience significantly strengthened the effect of
usefulness on attitude, supporting H11, with an estimate of 0.52 for the higher experience group
against 0.31 for the lower group, whereas the moderation of ease of use and knowledge on
attitude was not significant. For continued usage, experience strengthened the effect of
usefulness, supporting H14, and weakened the effect of awareness, supporting H16: awareness
mattered for less experienced employees, with an estimate of 0.27, and little for the more
experienced, at 0.06. Moderation of the other direct effects was not significant. In plain terms,
experienced staff continue to use a tool when they find it useful and need little persuasion about
its existence, whereas newer staff need awareness and training.

7. DISCUSSION

The results lead to three main messages. The first concerns fraud detection. A tuned gradient-
boosted model, evaluated honestly on future data with precision-based measures, caught nearly
90% of fraud at 91% precision and removed more than a third of the false alerts generated by
the rule-based benchmark. The gain is operationally significant: fewer false alerts mean less
analyst time and less customer friction, and higher recall means lower losses. The comparison of
random and temporal evaluation is a warning: reported performance can be inflated by leakage,
and banks that select models on random splits may be disappointed in production. The pipeline
of Fig. 1 helps by making each stage, including time-aware validation, explicit.

The second message concerns explanation and segmentation. Explanation methods did more
than satisfy regulators: they exposed a feature that reflected a transient attack pattern and not a
stable signal, which analysts could correct. Used this way, explanation is a quality control tool as
well as a communication tool. The segmentation produced five groups that managers found
meaningful and that responded differently to offers and to fraud. The link between segments and
fraud patterns suggests that the two applications should not be run in separate silos: customer
understanding can sharpen fraud messaging, and fraud experience can inform service design.

The third message concerns people. Perceived usefulness was the strongest driver of attitude
and a significant direct driver of continued usage, which implies that tools must demonstrably
help employees do their work. In this study, usefulness was linked to specific benefits reported
by analysts, such as fewer false alerts and clearer reasons for alerts. Perceived risk reduced
continued usage, so concerns about errors, accountability, and job security should be addressed
directly through governance, human oversight, and clear communication. The moderation
findings suggest that training and awareness efforts should be aimed at less experienced staff,
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while experienced staff will respond mainly to evidence of usefulness. The fact that explanation
was among the benefits valued by respondents supports the integration of the technical and
human sides of the study: explanation features are not only a regulatory requirement but also a
driver of acceptance.

The study has limitations. The fraud data came from one bank and one public source, and
patterns may differ across institutions, regions, and time. Labels are based on confirmed fraud,
which means that undetected fraud is counted as genuine. The segmentation was evaluated by
simulation and not by a live campaign. The survey was cross-sectional and self-reported, covers
five banks in one market, and cannot prove causation, and the split of experience at the median
is a simplification. Explanation methods describe the model, not reality, and can be unstable for
correlated features. Finally, adversaries adapt, so models require monitoring and regular
retraining. Future work will include live trials, graph-based features that capture relations
between accounts, privacy-preserving learning across banks, and longitudinal studies of
adoption.

8. CONCLUSION

This paper examined artificial intelligence and machine learning in retail banking through
an integrated study of fraud detection, customer segmentation, and employee acceptance. A
pipeline that handled imbalance, used time-aware evaluation, compared four classifiers, tuned
the best by cross-validation, and explained its decisions achieved 89.6% recall at 91.2%
precision, and reduced false alerts by 38% against a rule-based benchmark. Behavioural
clustering identified five segments that responded differently to offers and fraud risks, with
targeting raising simulated response by 23%.

The survey of 312 employees showed that usefulness, attitude, awareness, and ease of use
promote continued use of such tools, that perceived risk reduces it, and that experience changes
which factors matter. The central conclusion is that accuracy, explanation, and acceptance are
interdependent. A model that is accurate but unexplained will not be trusted, and a model that is
trusted but not used delivers nothing. Banks that design the three together are best placed to
turn machine learning into lasting reductions in fraud and improvements in customer
relationships.
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