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ABSTRACT

Financial fraud detection systems increasingly rely on machine learning to identify suspicious transactions at
scale. However, the opacity of many high-performing models raises significant concerns regarding trust, regulatory
compliance, and practical deployment in real-time financial environments. Explainable Artificial Intelligence
(XAI) has emerged as a promising solution to enhance transparency and accountability, yet its feasibility under
real-time constraints remains unclear. This systematic literature review examines empirical studies on explainable
AI approaches for financial fraud detection, with explicit focus on real-time applicability. Following PRISMA
guidelines, nineteen peer-reviewed empirical studies were selected and analyzed based on fraud domain, model
type, explainability technique, evaluation metrics, and evidence of real-time performance. Results show that post-
hoc explanation methods, particularly SHAP and LIME, dominate the literature, while intrinsic explainability
and deployment-level latency reporting remain limited. Despite frequent claims of real-time applicability, only
one study provides quantitative runtime evidence. The findings highlight critical gaps: absence of explanation
latency evaluation, lack of deployment-oriented validation, and insufficient regulatory compliance integration. This
review reveals a systematic disconnect between real-time claims and empirical evidence, establishing the need for
standardized latency benchmarking in explainable fraud detection research.

Keywords: Explainable AI Financial Fraud Detection Systematic Literature Review PRISMA Real-Time Systems
Model Interpretability

1. INTRODUCTION

Financial fraud poses a persistent and evolving threat to bank-
ing institutions, payment systems, insurance providers, and
digital marketplaces. As transaction volumes grow and fraud
strategies become increasingly sophisticated, machine learn-
ing (ML) techniques have become central to automated fraud
detection systems. These models are capable of identifying
complex patterns in large-scale transactional data and have
demonstrated strong predictive performance across various
fraud domains, including credit card fraud, insurance fraud,
and online payment fraud.

Despite these advances, the deployment of machine learning
models in financial decision-making contexts introduces criti-
cal challenges. Many high-performing models, particularly
ensemble methods and deep learning architectures, operate
as black boxes, offering limited transparency into how predic-
tions are generated. In regulated financial environments, such
opacity is problematic. Financial institutions are required to
justify automated decisions to regulators, auditors, and cus-
tomers, while fraud analysts must understand model outputs
to validate alerts and minimize false positives. As a result,
accuracy alone is insufficient; explainability has become a
fundamental requirement for trustworthy fraud detection sys-
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tems.

Explainable Artificial Intelligence (XAI) aims to address this
challenge by providing human-interpretable explanations of
model behavior and individual predictions. Techniques such
as SHAP, LIME, feature importance analysis, and intrinsically
interpretable models have been widely proposed to enhance
transparency in fraud detection. Prior studies suggest that
explainability can improve user trust, facilitate regulatory
compliance, and support analyst decision-making. However,
many explainability methods introduce additional computa-
tional overhead, raising concerns about their suitability for
real-time fraud detection environments, where decisions must
often be made within milliseconds.

Although the literature increasingly emphasizes the impor-
tance of "real-time" explainable fraud detection, it remains
unclear to what extent existing empirical studies evaluate
real-time feasibility in practice. Many works claim real-time
applicability without reporting inference latency, explanation
generation time, or deployment constraints. This gap com-
plicates the assessment of whether current XAI techniques
can realistically operate in production-level fraud detection
systems.

Identified Research Gaps:

• Gap 1: Lack of quantitative explanation latency evalua-
tion in claimed "real-time" systems

• Gap 2: Absence of deployment-ready validation under
production constraints

• Gap 3: Limited human-centered evaluation with domain
experts (fraud analysts, auditors)

• Gap 4: Insufficient integration of regulatory compliance
requirements in XAI design

To address these gaps, this paper conducts a systematic litera-
ture review of empirical studies on explainable AI applied to
financial fraud detection, with particular attention to real-time
considerations.

Review Objectives:

• Identify dominant machine learning and explainability
techniques in empirical fraud detection studies

• Examine how explainability methods are evaluated and
integrated into fraud detection systems

• Assess the extent to which real-time feasibility and com-
putational efficiency are empirically validated

• Synthesize limitations and research gaps to inform fu-
ture work on trustworthy real-time explainable fraud
detection

By synthesizing existing evidence and highlighting key limi-
tations, this review aims to clarify the current state of research
and inform future work on trustworthy and real-time explain-
able fraud detection systems.

2. BACKGROUND AND RELATED WORK

2.1 Financial Fraud Detection Using Machine Learning

Machine learning-based fraud detection systems typically
frame fraud identification as a binary or probabilistic classi-
fication problem, where transactions are labeled as fraudu-
lent or legitimate. Commonly used models include logistic
regression, decision trees, random forests, gradient boost-
ing machines, and, more recently, deep learning and graph
neural networks. These models are often trained on highly
imbalanced datasets, where fraudulent transactions represent
a small minority of observations, necessitating specialized
evaluation metrics such as precision-recall curves and cost-
sensitive measures.

While advanced models can achieve high predictive perfor-
mance, their complexity often limits interpretability. This
trade-off between accuracy and transparency has become a
central concern in financial applications, where automated
decisions may have legal, financial, and ethical consequences.

2.2 Explainable Artificial Intelligence in Finance

Explainable AI encompasses a range of techniques designed
to make machine learning models more transparent and un-
derstandable to humans. Broadly, XAI approaches can be
categorized into post-hoc explanation methods and intrinsic
interpretability methods. Post-hoc techniques, such as SHAP
and LIME, generate explanations after a model has produced
predictions, without altering the underlying model. Intrinsic
methods, by contrast, rely on inherently interpretable models
or architectures that embed explainability directly into the
learning process.

In financial contexts, explainability is closely linked to regu-
latory compliance, auditability, and user trust. Regulators in-
creasingly require institutions to justify automated decisions,
while fraud analysts rely on explanations to prioritize alerts
and reduce false positives. Consequently, XAI has gained
significant attention in recent years as a mechanism to bridge
the gap between model performance and accountability.

2.3 Limitations of Existing Reviews

Several prior reviews have examined the application of ex-
plainable AI in finance more broadly. However, many of
these reviews focus on conceptual frameworks, surveys of
techniques, or non-empirical analyses. Moreover, few re-
views explicitly assess the real-time feasibility of explainabil-
ity methods in fraud detection systems. In particular, the lack
of standardized reporting on runtime, latency, and deploy-
ment constraints limits the practical applicability of existing
findings.

This SLR differentiates itself by focusing exclusively on em-
pirical studies of explainable AI for financial fraud detec-
tion and by explicitly analyzing the presence or absence of
real-time evidence. By adopting a PRISMA-based method-
ology and systematically extracting data related to models,
explainability techniques, evaluation metrics, and computa-
tional considerations, this review provides a structured and
practice-oriented synthesis of the literature.
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3. METHODOLOGY

This study follows a Systematic Literature Review (SLR)
methodology in accordance with the PRISMA (Preferred Re-
porting Items for Systematic Reviews and Meta-Analyses)
guidelines. The review process was designed to be transpar-
ent, reproducible, and verifiable, as required for academic
research in scientific communication courses. The overall
methodology consists of protocol definition, literature search,
study selection, quality assessment, and data extraction.

3.1 Research Questions

The review is guided by the following research questions:

RQ1: What machine learning models and explainable AI
techniques are empirically used for financial fraud detection?

RQ2: How are explainability methods evaluated and inte-
grated into fraud detection systems?

RQ3: To what extent do empirical studies provide evidence
of real-time applicability, including runtime or latency con-
siderations?

RQ4: What limitations and research gaps are identified in
existing explainable fraud detection studies?

3.2 Review Protocol

A review protocol was defined prior to conducting the liter-
ature search to minimize selection bias and ensure method-
ological rigor. The protocol specifies the databases to be
searched, search strings, inclusion and exclusion criteria,
screening stages, and data extraction strategy. All steps were
executed sequentially and documented through search logs
and a PRISMA flow diagram.

3.3 Literature Search Strategy

3.3.1 Databases

The literature search was conducted using three scholarly
databases: IEEE Xplore, ACM Digital Library, and Sci-
enceDirect (Elsevier). These databases were selected due
to their comprehensive coverage of peer-reviewed research
in machine learning, artificial intelligence, and financial tech-
nologies.

3.3.2 Search Strings

The search strings were constructed by combining keywords
related to fraud detection, explainable AI, and financial sys-
tems. Boolean operators were used to ensure comprehensive
coverage. The exact search strings used for each database
are:

IEEE Xplore:

("explainable AI" OR XAI) AND ("fraud detection" OR
"financial fraud") AND (SHAP OR LIME OR GNN)

ACM Digital Library:

("explainable AI") AND ("fraud detection") AND
(SHAP OR LIME OR GNN)

ScienceDirect:

("explainable AI") AND ("fraud detection")

3.3.3 Search Dates and Filters

• Search period: January 2020 – March 2025

• Language: English

• Access type: Open-access articles (where applicable)

• Document type: Journal articles and conference pro-
ceedings

The decision to focus on open-access literature was made
to ensure full-text availability and reproducibility. This con-
straint is acknowledged as a limitation in Section 6.

3.3.4 Search Log

Table 1 provides the exact search strings, filters, dates, and
result counts from each database.

3.4 Inclusion and Exclusion Criteria

Clear inclusion and exclusion criteria were defined and ap-
plied consistently throughout the screening process.

Inclusion Criteria:

• Peer-reviewed journal article or conference paper

• Empirical study with experiments on real or synthetic
datasets

• Focused on financial fraud detection

• Applied at least one explainable AI or interpretable mod-
eling technique

• Reported quantitative evaluation metrics

Exclusion Criteria:

• Review papers, surveys, editorials, or conceptual frame-
works

• Non-financial fraud domains

• No empirical evaluation

• No explainability or interpretability component

• Duplicate publications

Note: Runtime or latency reporting was not used as an exclu-
sion criterion during screening, as the objective was to assess
the extent to which empirical XAI fraud detection studies
address real-time considerations. This methodological choice
allows the review to identify and quantify the gap in runtime
reporting across the included literature.

3.5 Study Selection Process

The study selection process was conducted in three stages:

1. Title Screening: Obvious irrelevance to fraud detection or
explainable AI was removed.

2. Abstract Screening: Studies that did not meet inclusion
criteria based on abstract content were excluded.

3. Full-Text Screening: Remaining articles were read in
full to verify empirical contribution, explainability usage, and
relevance.

All screening decisions were logged, and reasons for exclu-
sion were documented.
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Table 1. Search Log – Verifiable and Reproducible

Database Exact Search String Filters Applied Search Date Results

IEEE Xplore ("explainable AI" OR XAI) AND ("fraud detection" OR
"financial fraud") AND (SHAP OR LIME OR GNN)

2020–2025, English, Open
Access

11/05/2025 8

ACM Digital Li-
brary

("explainable AI") AND ("fraud detection") AND
(SHAP OR LIME OR GNN)

2020–2025, Research Arti-
cles

11/05/2025 16

ScienceDirect ("explainable AI") AND ("fraud detection") 2020–2025, Research arti-
cles, Open Access

11/05/2025 131

3.6 PRISMA Flow Summary

The initial database search returned 155 records across all
three databases. After deduplication, 54 duplicate records
were removed. An additional 20 records were excluded for
other predefined reasons (non-English language, inaccessible
full text, or preliminary conference versions superseded by
journal publications), leaving 81 unique records for title and
abstract screening. Following title and abstract screening, 51
full-text articles were assessed for eligibility. Based on the
inclusion and exclusion criteria, 19 empirical studies were
selected for final analysis. The complete PRISMA flow is
shown in Figure 1.

Figure 1. PRISMA flow diagram for study selection.

3.7 Quality Assessment

Each study was assessed using a quality checklist adapted
from established SLR guidelines. The checklist evaluated:

• Peer-reviewed venue clearly identified

• Dataset described (name/source and type)

• Empirical evaluation conducted

• Model(s) explicitly specified

• XAI method(s) explicitly specified

• Evaluation metrics reported

• Limitations/future work stated

• Runtime/latency/compute evidence stated (if present)

Studies were scored on a 10-point scale. The quality scores
for the 19 included studies ranged from 4 to 9, with a me-
dian score of 7, indicating generally high-quality empirical
research.

3.8 Data Extraction Strategy

A structured data extraction form was designed to ensure
consistency across studies. For each included paper, the
following information was extracted:

• Publication year and venue

• Fraud domain (e.g., credit card, insurance, blockchain)

• Dataset type and size

• Machine learning model(s) used

• Explainable AI technique(s) applied

• Evaluation metrics reported

• Evidence of real-time applicability or runtime reporting

• Stated limitations or future research directions

Note that runtime or latency reporting was not used as an ex-
clusion criterion during study selection; rather, it was treated
as an analytical dimension for post-inclusion assessment.
This approach allows the review to identify and quantify the
gap in real-time evidence reporting across included empirical
studies.

This extraction schema was applied uniformly to all included
studies and recorded in a master extraction table.

3.9 Data Analysis

The extracted data were analyzed using thematic synthesis,
identifying patterns across studies related to XAI techniques,
model architectures, evaluation practices, and real-time con-
siderations. Key themes include: (1) dominant XAI tech-
niques in financial fraud detection, (2) real-time performance
and latency optimization, (3) privacy-preserving explainable
AI, and (4) research gaps and challenges.
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4. RESULTS

This section presents the findings of the systematic literature
review based on the 19 empirical studies selected through
the PRISMA process. The results are organized to address
the research questions by summarizing study characteristics,
fraud domains, machine learning models, explainable AI
techniques, evaluation metrics, and evidence of real-time
applicability.

4.1 Overview of Included Studies

The final dataset consists of 19 peer-reviewed empirical stud-
ies published between 2020 and 2025. The studies include
both journal articles and conference proceedings, reflecting
a mix of applied and research-oriented contributions. The
publication venues primarily include IEEE Access, Finance
Research Letters, Journal of Risk and Financial Management,
ACM conference proceedings (CIKM, HCII, CAiSE), and
related peer-reviewed outlets. The selected studies cover a
range of financial fraud domains and modeling approaches,
with varying degrees of emphasis on explainability and de-
ployment considerations.

4.2 Fraud Domains Addressed

The included studies focus on multiple fraud detection con-
texts. Credit card and payment fraud represent the most fre-
quently studied domain with 3 dedicated studies, while bank-
ing fraud is also examined in 3 studies. Additional domains
include automobile insurance fraud (1 study), e-commerce
transaction fraud (1 study), blockchain/cryptocurrency fraud
(1 study), financial statement fraud (2 studies), and regulatory
compliance contexts (1 study). Several review papers address
multiple fraud domains simultaneously. Overall, credit card
and payment fraud dominate the empirical literature, while
insurance, blockchain, and compliance-oriented fraud remain
less frequently studied but are gaining attention. Table 2
presents the complete distribution of studies across fraud
domains.

Table 2. Study Distribution by Fraud Domain (n=19)

Domain Count

Credit card / payment fraud 3
Banking fraud 3
Insurance fraud 1
E-commerce / marketplace fraud 1
Blockchain / cryptocurrency fraud 1
Financial statement fraud 2
Compliance / audit-related 1
Multi-domain (review papers) 7

4.3 Machine Learning Models Used

A wide variety of machine learning models are employed
across the reviewed studies. Traditional and linear models
such as logistic regression and ridge regression are primarily
valued for interpretability and baseline comparisons. Tree-
based and ensemble models including random forests, gradi-
ent boosting machines, XGBoost, LightGBM, CatBoost, and
stacking ensembles are the most commonly used due to their
strong performance on tabular financial data. Deep learning

models including deep neural networks and convolutional
neural networks appear particularly in blockchain and feder-
ated learning settings. Graph-based models such as Graph
Neural Networks (GNNs), including architectures like GCN,
GAT, and specialized designs for fraud detection on trans-
action graphs, are used primarily in large-scale transaction
networks and e-commerce platforms.

4.4 Explainable AI Techniques Applied

Explainability techniques used in the reviewed studies fall
into two main categories: post-hoc explainability and intrinsic
explainability.

Post-hoc Explainability: The majority of studies rely on
post-hoc explanation methods. SHAP (Shapley Additive Ex-
planations) is the most frequently used method, appearing in
9 studies and applied for both local and global explanations.
LIME is used in 5 studies to provide instance-level explana-
tions, often in combination with SHAP. Feature importance
and permutation-based methods appear in 3 studies to rank
feature contributions at a global level. Partial Dependence
Plots (PDP) are used in 1 study to analyze the marginal ef-
fect of individual features. These techniques are commonly
applied to ensemble and deep learning models to improve
interpretability without altering the underlying model.

Intrinsic Explainability: A smaller subset of studies em-
ploys intrinsically interpretable approaches, including inter-
pretable tree-based models where model structure itself pro-
vides transparency, architectural explainability in graph mod-
els such as two-stage or time-aware graph neural networks
designed to separate batch and real-time inference, and self-
explainable graph models where explanation emerges from
learned graph structures or meta-graph mechanisms. Intrin-
sic explainability approaches are less common but are often
motivated by efficiency and deployment considerations. Ta-
ble 3 summarizes the frequency of model families and XAI
methods across all reviewed studies.

Table 3. Most Common Model Families and XAI Methods

Model family (count) XAI method (count)

Tree-based ensembles (12) SHAP (9)
Linear models (5) LIME (5)
Deep learning (4) Feature importance

(3)
Graph neural networks (5) PDP (1)

Intrinsic (1)

4.5 Evaluation Metrics

Across the included studies, evaluation focuses primarily on
predictive performance. The most commonly reported met-
rics include Accuracy (8 studies), Precision (8 studies), Re-
call/Sensitivity (8 studies), F1-score (7 studies), Area Under
the ROC Curve (AUC-ROC) (9 studies), and Precision-Recall
AUC (AUPR) in imbalanced settings (1 study). While these
metrics assess classification performance, quantitative evalu-
ation of explanation quality is rare. Only a limited number of
studies report metrics related to explanation fidelity, coverage,
or human-centered evaluation. Table 4 summarizes the most
common evaluation metrics used across the reviewed studies.
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Table 4. Common Evaluation Metrics in Included Studies

Metric Count

AUC-ROC 9
Precision 8
Recall / Sensitivity 8
Accuracy 8
F1-score 7
AUPR / PR-AUC 1

4.6 Evidence of Real-Time Applicability

Real-time applicability is frequently claimed across the re-
viewed studies; however, the nature of supporting evidence
varies significantly. Only one study reports explicit quantita-
tive inference latency measurements, specifically demonstrat-
ing end-to-end inference latency at the 99th percentile (P99)
with sub-100ms constraints using a lightweight Graph Neural
Network architecture (BRIGHT). Several studies propose ar-
chitectural designs intended to support online screening, such
as separating batch and real-time inference stages, but do
not provide measurable runtime or deployment benchmarks.
Many studies describe their systems as "real-time" or "on-
line" without providing concrete runtime data. A substantial
number of empirical studies (14 out of 19) do not address
runtime, latency, or deployment constraints at all. For studies
lacking runtime data, the absence of latency reporting was
explicitly recorded as "not reported" during data extraction.
Table 5 categorizes the type of runtime evidence provided
across all reviewed studies.

Table 5. Runtime Evidence Reporting Across Studies

Runtime evidence category Count

Explicit inference latency (ms reported) 1
Training time only 0
Qualitative/implicit ("real-time" claim only) 4
None reported 14

5. DISCUSSION

This section interprets the results presented in Section 4 in
relation to the research questions and synthesizes findings
across the included empirical studies.

5.1 Dominant Modeling and Explainability Practices (RQ1)

The reviewed literature demonstrates a strong preference for
tree-based ensemble models, such as XGBoost, Random
Forest, and gradient boosting variants, for financial fraud
detection. These models are consistently selected due to
their strong performance on tabular and imbalanced datasets,
which are characteristic of financial transaction data. Deep
learning and graph-based models appear less frequently but
are increasingly adopted in large-scale transaction networks
and e-commerce settings where relational information be-
tween entities (such as users, merchants, and accounts) pro-
vides valuable signal for fraud detection.

With respect to explainability, post-hoc explanation methods
dominate empirical practice, particularly SHAP and LIME.
SHAP appears in 9 of the 19 studies, making it the most

prevalent XAI technique. LIME is used in 5 studies, often
complementing SHAP to provide instance-level explanations.
These techniques are favored for their model-agnostic nature
and ease of integration with high-performing black-box mod-
els. However, reliance on post-hoc explanations reflects a
broader trend in which explainability is treated as an auxil-
iary layer rather than a core system component. Intrinsically
interpretable models and self-explainable architectures re-
main underrepresented, despite their potential advantages in
efficiency and transparency. Only one study employs intrin-
sic explainability through meta-graph architectures in Graph
Neural Networks, suggesting that intrinsic approaches remain
an area for future exploration.

5.2 Evaluation Focus and Explainability Assessment (RQ2)

Across the reviewed studies, evaluation primarily emphasizes
predictive performance, using metrics such as AUC-ROC (9
studies), Precision (8 studies), Recall (8 studies), Accuracy (8
studies), and F1-score (7 studies). While these metrics are ap-
propriate for assessing fraud detection accuracy, they provide
limited insight into the effectiveness or usefulness of expla-
nations. Only a small subset of studies evaluates explanation
fidelity, coverage, or alignment with human decision-making.
One study explicitly examines the Average Prediction Switch-
ing Point (ASP) to measure explanation quality, but such
quantitative explainability metrics remain rare.

Furthermore, human-centered evaluation—such as user stud-
ies involving fraud analysts, auditors, or compliance officers—
is extremely limited. Only one study in the review conducted
a prototype evaluation with fraud detection experts from a
banking partner to assess the usability of local and global fea-
ture importance explanations. As a result, it remains unclear
how explanations are interpreted or acted upon in real opera-
tional settings. This gap suggests that explainability is often
validated theoretically or visually through plots and feature
rankings, rather than empirically assessed in real decision
workflows. Future research should prioritize user validation
studies to determine whether XAI outputs genuinely support
analyst decision-making, reduce alert fatigue, and improve
trust in automated fraud detection systems.

5.3 Real-Time Feasibility and Deployment Readiness (RQ3)

A central finding of this review is the disconnect between real-
time claims and empirical validation. Although many studies
describe their systems as "real-time" or suitable for online
fraud detection, only one study provides quantitative evidence
of deployment-ready performance. Specifically, the BRIGHT
study (Lu et al., 2022) reports end-to-end inference latency
at the 99th percentile (P99), demonstrating feasibility under
sub-100ms constraints through a lightweight Graph Neural
Network architecture that separates batch feature extraction
from real-time scoring. This study reduces P99 latency by
over 75% compared to baseline GNN approaches while main-
taining strong predictive performance.

Other works propose architectural designs intended to support
online screening—such as federated learning frameworks
that distribute computation, stacking ensembles optimized
for efficiency, or two-stage GNN pipelines—but stop short
of reporting concrete runtime metrics such as inference time
per transaction, explanation generation overhead, or end-to-
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end system latency. In many cases, real-time feasibility is
implied through qualitative claims (e.g., "suitable for online
environments") rather than demonstrated through quantitative
benchmarks.

This lack of standardized reporting makes it difficult to assess
whether current explainability techniques can realistically
operate under strict time constraints. Post-hoc methods such
as SHAP, while informative, are known to introduce signifi-
cant computational overhead due to their reliance on repeated
model evaluations or coalition sampling to compute Shapley
values. LIME similarly requires multiple perturbations and
local model fitting. Without explicit latency measurements, it
is unclear whether these techniques can meet the millisecond-
level response requirements of production fraud detection
systems, particularly at high transaction volumes. Future
work should adopt standardized latency benchmarking prac-
tices and report both model inference time and explanation
generation time separately to clarify deployment feasibility.

5.4 Identified Research Gaps (RQ4)

Based on cross-study synthesis, several key research gaps
emerge:

1. Lack of explanation latency evaluation: Most studies fail
to report the computational cost of generating explanations,
despite frequent real-time claims. This gap prevents accurate
assessment of whether XAI techniques can operate at scale
in production environments.

2. Limited deployment-oriented evaluation: Empirical
validation often occurs in offline or simulated environments,
with minimal consideration of production constraints such as
distributed system architectures, concurrent user requests, or
integration with existing fraud monitoring infrastructure.

3. Insufficient human-centered validation: Few studies
empirically assess how explanations support analysts, audi-
tors, or regulators in practice. User studies involving domain
experts are needed to evaluate whether XAI outputs improve
decision quality, reduce false positives, or enhance trust.

4. Overreliance on post-hoc methods: Intrinsic and archi-
tecturally explainable models remain underexplored relative
to post-hoc techniques. Intrinsic approaches may offer com-
putational advantages and more faithful explanations but are
less commonly adopted.

5. Weak alignment with regulatory requirements: Al-
though compliance and transparency are frequently cited mo-
tivations, concrete regulatory evaluation remains rare. Studies
rarely discuss how explanations meet specific regulatory stan-
dards such as GDPR’s "right to explanation" or financial
sector guidelines on algorithmic accountability.

6. Class imbalance effects on explanation quality: While
many fraud datasets exhibit extreme class imbalance (often
<1% fraud rate), few studies investigate how class imbalance
affects explanation stability, fidelity, or interpretability. It
remains unclear whether explanations remain reliable across
majority and minority class predictions.

Addressing these gaps is critical for advancing explainable
fraud detection from experimental prototypes to trustworthy
real-world systems that meet both operational and regulatory
requirements.

6. LIMITATIONS

This review has several limitations that should be acknowl-
edged. First, the search was restricted to open-access articles
from three academic databases (IEEE Xplore, ACM Digi-
tal Library, and ScienceDirect), which may have excluded
relevant subscription-based studies or grey literature such
as technical reports and industry white papers. Second, the
analysis relies on information reported by authors; absence
of runtime or deployment metrics does not necessarily imply
infeasibility—some studies may have conducted runtime eval-
uations that were not reported in the published manuscript.
Third, the focus on empirical studies excludes conceptual
frameworks and theoretical contributions that may offer valu-
able insights into XAI design principles. Fourth, dataset
reuse across studies (e.g., the Kaggle credit card fraud dataset
appearing in multiple studies) may limit generalizability of
findings. Fifth, as a solo researcher project, the screening
and data extraction process lacked independent dual review,
which could introduce subjective bias despite systematic doc-
umentation. Finally, the review is limited to English-language
publications from 2020-2025, potentially missing earlier foun-
dational work or non-English contributions.

These limitations are acknowledged to maintain transparency
and support reproducibility. Future reviews could expand the
search scope, include grey literature, and incorporate multiple
independent reviewers to enhance robustness.

7. CONCLUSION

This paper presented a systematic literature review of empiri-
cal studies on explainable artificial intelligence for financial
fraud detection, with a particular focus on real-time applica-
bility. Nineteen peer-reviewed studies were analyzed follow-
ing PRISMA guidelines, examining fraud domains, machine
learning models, explainability techniques, evaluation met-
rics, and deployment considerations.

The findings indicate that while explainable AI is widely
adopted in fraud detection research, explainability is predom-
inantly implemented through post-hoc methods—particularly
SHAP and LIME—and rarely evaluated under real-time con-
straints. Tree-based ensemble models such as XGBoost
and Random Forest dominate the modeling landscape, while
Graph Neural Networks are increasingly applied in domains
involving relational transaction data. Explicit reporting of
inference or explanation latency remains uncommon, with
only one study providing quantitative P99 latency measure-
ments. Intrinsic explainability and user-centered validation
are also underrepresented, limiting understanding of how
explanations support operational decision-making in practice.

The review highlights critical gaps in the literature. Most
notably, there is a disconnect between frequent claims of
real-time suitability and the scarcity of empirical evidence
demonstrating deployment-ready performance. Computa-
tional overhead of explanation generation is rarely quantified,
and human-centered evaluations with fraud analysts or com-
pliance officers are largely absent. Additionally, the impact of
class imbalance on explanation quality, adversarial robustness
of explanations, and alignment with regulatory frameworks
remain underexplored.

To advance the field, future research should integrate ex-
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plainability more deeply into model design through intrinsic
approaches, systematically evaluate explanation efficiency
through standardized latency benchmarks, conduct user stud-
ies with domain experts to validate operational utility, and
explicitly align XAI techniques with regulatory and compli-
ance requirements. By addressing these gaps, researchers
can contribute to the development of trustworthy, transparent,
and operationally viable explainable fraud detection systems
capable of meeting the demands of real-time financial envi-
ronments.

The reviewed studies include work on insurance fraud [1],
privacy-preserving and federated learning approaches [2,
3], credit card fraud detection [4, 6, 7], real-time GNN
frameworks [5], blockchain fraud [8, 9], financial state-
ment fraud [10, 13], ensemble methods [11], meta-graph
search [12], user-centric design [15], regulatory compli-
ance [16, 17, 20], and systematic reviews [14, 18, 19].
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or misrepresentation was conducted. Search logs, inclu-
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and unbiased synthesis of existing evidence. Generative AI
tools were used solely as assistive resources for formatting,
organization, and language refinement, with all substantive
content, analysis, and interpretation produced by the author
under full editorial oversight.
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