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Abstract 
This study examined the relationship between artificial intelligence model performance and analyst decision 
workflows in trustworthy financial fraud detection environments. The study was motivated by the need to move 
beyond purely model-centered evaluation and assess whether fraud detection systems that perform well 
statistically also support effective, consistent, and operationally credible analyst decision-making. A 
quantitative, cross-sectional explanatory design was adopted to investigate how model precision, recall, false 
positive rate, explanation quality, and perceived reliability were associated with key workflow outcomes, 
including alert acceptance, review efficiency, escalation quality, and decision consistency. Data were collected 
from 268 initial responses and matched workflow records drawn from fraud analysts, senior investigators, fraud 
operations supervisors, and AI-supported risk review personnel working across commercial banks, digital 
payment providers, insurance companies, and fintech lending platforms. After data screening and exclusion of 
incomplete or invalid cases, 240 valid cases were retained for final analysis, yielding a usable response rate of 
89.6%. The findings showed that model performance and trustworthy AI characteristics were significantly 
associated with analyst workflow outcomes. Correlation analysis indicated that model precision had a strong 
positive relationship with alert acceptance rate (r = .68, p < .001), while model recall was strongly associated 
with escalation quality (r = .65, p < .001). False positive rate had a strong negative relationship with review 
efficiency (r = -.62, p < .001). Regression analysis further showed that model precision significantly predicted 
alert acceptance (beta = .36, p < .001), model recall significantly predicted escalation quality (beta = .43, p < 
.001), and perceived reliability significantly predicted decision consistency (beta = .35, p < .001). The regression 
models explained between 48% and 61% of the variance in the major workflow outcomes. Subgroup analysis 
also showed that highly explainable systems produced stronger workflow stability, with a large effect size (d = 
1.28), while high false positive environments were associated with weaker workflow stability (d = 1.34). The 
study concluded that trustworthy AI in financial fraud detection should be evaluated through the combined lens 
of predictive accuracy, interpretability, reliability, and workflow usability because operational effectiveness 
depends on both model quality and human decision integration. 
 
Keywords 
Trustworthy AI, Financial Fraud Detection, Analyst Decision Workflows, Model Performance, Explainable 
Artificial Intelligence. 

Review of  
Applied  
Science and  
Technology 

[1]. M.S., Information Technology - Southern New Hampshire University (SNHU), New Hampshire, 
USA; Email:  istiaq.9898@gmail.com  
 

[2]. Master of Science in Business Analytics, East Texas A&M University, Texas, USA 
Email: hasan.orrashid@gmail.com  

[3].    

Volume: 3; Issue: 2 
Pages: 41– 91 

https://doi.org/10.63125/xdmkbj34
mailto:istiaq.9898@gmail.com
mailto:hasan.orrashid@gmail.com
https://rast-journal.org/index.php/RAST/index


Review of Applied Science and Technology, June 2024, 41– 91 

42 
 

INTRODUCTION 
Financial fraud detection refers to the systematic identification of suspicious, deceptive, unauthorized, 
or manipulative financial activity within transactional, lending, insurance, payment, capital market, 
and digital banking environments through analytical, statistical, and computational means. In modern 
financial systems, fraud is no longer confined to isolated acts of theft or falsification; it includes complex 
patterns such as identity fraud, payment fraud, synthetic identity schemes, money mule behavior, 
account takeover, insider manipulation, document falsification, application fraud, transaction 
laundering, false claims, and coordinated cross-channel attacks that exploit the speed and scale of 
digital finance (Cirqueira et al., 2021).  
 
 

Figure 1: Trustworthy AI in Fraud Detection 

 
As financial institutions have expanded into online, mobile, and platform-based services, fraud 
detection has evolved from rule-based auditing and post-event investigation into a real-time risk 
management function supported by machine learning, anomaly detection, network analytics, and 
intelligent alerting systems. Within this context, artificial intelligence is commonly understood as a set 
of computational methods capable of learning patterns from data, adapting to new information, and 
producing predictions or classifications that support decision-making. Trustworthy AI, in turn, refers 
to AI systems designed and evaluated according to criteria such as reliability, fairness, transparency, 
accountability, robustness, explainability, privacy sensitivity, and operational safety, especially in 
domains where decisions have legal, economic, and social consequences (Cirqueira et al., 2021). In 
financial fraud detection, trustworthy AI is not limited to whether a model achieves high predictive 
accuracy; it also concerns whether the model can be audited, whether its outputs are understandable 
to human investigators, whether error patterns are acceptable under regulatory scrutiny, and whether 
the system operates consistently across customer segments and fraud scenarios. Analyst decision 
workflows refer to the structured sequence of cognitive and operational steps through which fraud 
analysts interpret alerts, review case evidence, prioritize investigations, escalate suspicious events, 
document rationale, and make final actions such as hold, decline, approve, or refer. These workflows 
involve not only technical interaction with fraud models and dashboards but also judgment, domain 
expertise, time pressure, institutional rules, and compliance obligations. A study that integrates model 
performance with analyst decision workflows therefore moves beyond purely algorithmic evaluation 
and instead treats fraud detection as a socio-technical process in which AI output and human reasoning 
are jointly responsible for institutional outcomes (Dhieb et al., 2020). 
The international significance of financial fraud lies in its capacity to undermine economic confidence, 
destabilize payment ecosystems, erode institutional legitimacy, and impose substantial social and 
commercial costs across both advanced and emerging markets. Fraud today operates across borders, 
channels, and regulatory domains, often exploiting the interoperability of global finance, digital 
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identity systems, e-commerce platforms, remittance corridors, cryptocurrencies, and instant payment 
infrastructures. Financial institutions face persistent pressure to reduce fraud losses while maintaining 
customer convenience, transaction speed, and compliance quality. At the same time, consumers and 
businesses increasingly rely on always-on digital services, which means that fraudulent events can 
spread rapidly through interconnected systems before traditional review mechanisms can intervene 
(Dhieb et al., 2020).  
 

Figure 2: Trustworthy AI for Fraud Detection 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This global context has elevated fraud detection from a narrow operational concern to a matter of 
financial integrity, digital trust, cyber resilience, and public governance. The international policy 
conversation has also moved toward stronger expectations for responsible use of AI in high-stakes 
settings, especially when automated systems influence account access, transaction continuity, customer 
treatment, or suspicion-based escalation. In this environment, a fraud detection model that produces 
strong classification metrics but generates opaque alerts, uneven error burdens, excessive false 
positives, or inconsistent case support may create institutional risk even when headline performance 
appears impressive. The global relevance of trustworthy AI in fraud management is therefore rooted 
in the fact that financial institutions are not evaluated only on technical efficiency; they are also judged 
on due process, consumer fairness, traceability, regulatory defensibility, and operational accountability 
(Hasan & Rizvi, 2022). This is especially important in multinational banking groups, fintech platforms, 
card networks, and digital lenders that must align internal controls with diverse supervisory 
expectations while handling high-volume data streams. The challenge is intensified by the diversity of 
fraud typologies across jurisdictions, customer behaviors across regions, and data quality across 
institutional contexts. For these reasons, fraud detection cannot be understood solely as a 
computational optimization task. It is an internationally significant governance challenge in which 
model outputs interact with human analysts, case management systems, policy rules, and institutional 
responsibilities (Cirqueira et al., 2020). A mixed-methods perspective becomes highly relevant in this 
setting because it recognizes that successful fraud prevention depends not only on what the model 
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predicts, but also on how those predictions are interpreted, trusted, and acted upon within real 
investigative workflows. 
Historically, fraud detection in financial services developed through manual review, threshold-based 
screening, expert-defined rules, and retrospective auditing procedures. These methods reflected the 
institutional need to codify known fraud signals into operational controls, such as unusual transaction 
amounts, location mismatches, excessive claim frequency, duplicate account information, inconsistent 
application details, or abnormal velocity patterns (Bhowmik et al., 2022). Rule-based systems offered 
transparency and administrative simplicity, yet they often struggled in environments characterized by 
changing attacker strategies, large-scale transaction flows, and high-dimensional behavioral data. As 
digital financial activity expanded, institutions began to adopt statistical scoring, data mining, and 
eventually machine learning techniques to improve adaptability and pattern recognition. Quantitative 
evaluation then became central to model selection and deployment, with metrics such as accuracy, 
precision, recall, F1-score, area under the ROC curve, specificity, sensitivity, and false positive rate 
being used to assess fraud classifiers. More recent systems have added ensemble learning, deep 
learning, graph-based analysis, sequence modeling, and anomaly detection to capture hidden 
structures in behavior, network relations, and rare-event patterns (Nassar et al., 2020). This transition 
has strengthened the technical capabilities of fraud detection, especially in relation to non-linear 
interactions, dynamic pattern learning, and real-time risk scoring. Yet the very features that make 
advanced models attractive can also make them difficult to interpret and operationalize. A model may 
maximize predictive discrimination while producing alert volumes that overwhelm analysts, ranking 
cases in ways that do not match investigative logic, or relying on latent correlations that are difficult to 
justify in internal review. In quantitative fraud research, model performance is often treated as the 
primary outcome, and institutions commonly compare algorithms to identify the most effective 
classifier. That approach is valuable, yet incomplete, because performance metrics alone do not capture 
the practical usability of alerts in case handling environments (Kapadiya et al., 2022). A fraud model 
exists within a broader operational chain that includes alert triage, evidence review, customer context 
interpretation, action thresholds, escalation pathways, and documentation requirements. Accordingly, 
quantitative research on fraud detection gains greater relevance when model evaluation is linked to 
workflow consequences. Measures of performance must be understood not only as statistical 
abstractions but also as determinants of workload, trust, review speed, error correction, and analyst 
confidence. This framing supports a richer and more institutionally grounded quantitative introduction 
to trustworthy AI in fraud detection (Ai et al., 2022). 
Trustworthy AI in financial fraud detection should be understood as a multidimensional standard that 
brings together technical validity, procedural fairness, institutional accountability, explainability, and 
operational fitness for use. In many high-stakes domains, AI systems are now expected to do more than 
classify events accurately; they are expected to support decisions that can be explained, reviewed, 
challenged, and improved. In fraud detection, this requirement is especially significant because 
automated scores may shape actions that affect customer access to funds, payment authorization, claim 
approval, merchant acceptance, or case escalation to compliance and law enforcement functions. Trust 
in such systems is therefore not a vague ethical preference but a practical requirement tied to 
governance, auditability, and sustainable organizational adoption (Găbudeanu et al., 2021). Model 
reliability concerns whether outputs remain stable and dependable across time, product types, and 
changing fraud scenarios. Fairness concerns whether the model or its downstream use produces 
unjustified disparities in treatment or error exposure across customer groups, channels, or geographies. 
Explainability concerns whether analysts and oversight teams can understand the basis of a prediction 
sufficiently to act on it with confidence and document the reasoning behind a decision. Accountability 
concerns whether responsibility is clearly located when the system makes errors, misses suspicious 
activity, or generates harmful operational effects. Robustness concerns whether the model withstands 
noisy data, adversarial behavior, concept drift, and shifts in customer patterns (Soleymanzadeh et al., 
2022). Privacy concerns arise because fraud detection often relies on sensitive behavioral, transactional, 
device, or identity-linked data. Transparency concerns extend to how models are developed, validated, 
monitored, and updated. In practice, these dimensions interact with one another and with institutional 
constraints. A highly interpretable model may offer weaker detection power in some contexts, whereas 
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a more complex model may require stronger post hoc explanation tools and workflow controls. This 
means trustworthy AI is not merely a label attached to a model after deployment; it is a design and 
evaluation orientation that shapes how the system is embedded into operational decision structures 
(Mofidul et al., 2022; Ara, 2021; Ahmed & Hasan Or, 2021). In financial fraud detection, where false 
negatives can permit loss and false positives can burden customers and analysts, trustworthy AI 
provides the conceptual bridge between statistical excellence and defensible institutional action. A 
paper examining this topic quantitatively is therefore justified in treating trustworthiness as integral to 
performance rather than separate from it (Aditya & Robel, 2022; Robel & Morshedul, 2021). 
Fraud analysts remain central to detection effectiveness because fraud management is not simply a 
matter of automated classification; it is an interpretive and organizational process in which human 
expertise transforms alerts into decisions. Analysts do not only read model outputs (Istiaq & Nusrat, 
2022; Ahmed & Rajib, 2022). They evaluate transaction narratives, compare historical behavior, identify 
contextual inconsistencies, review linked accounts, examine device and location signals, interpret 
customer communication patterns, assess document authenticity, and consider institutional policy 
thresholds before determining the appropriate case action (Kabir et al., 2022; Khaled & Hisham, 2022; 
Mehedi & Md, 2022). Their work is shaped by alert queues, interface design, workload pressure, 
performance targets, compliance obligations, escalation rules, and the quality of evidence presented by 
detection systems. In many institutions, the success of fraud prevention depends on whether analysts 
can distinguish meaningful risk from noise quickly and consistently (Mainuddin & Chandra, 2022; 
Morshedul et al., 2022). This is why the relationship between AI output and human workflow is central 
to the concept of trustworthy fraud detection. A model with excellent statistical metrics may still 
underperform institutionally if analysts find its alerts ambiguous, unhelpful, repetitive, or 
disconnected from case logic. Conversely, a model with slightly lower predictive metrics may produce 
better operational outcomes if it supports more efficient triage, clearer reasoning, and stronger decision 
consistency (Farooq & Chawla, 2021; Nazmul & Begum, 2022; Shahinur & Sultan, 2022). Human 
analysts also contribute to continuous learning in fraud systems by feeding back case outcomes, 
identifying emerging fraud patterns, refining business rules, and highlighting model blind spots. Their 
decisions create an important layer of practical validation that cannot be reduced to training data alone. 
At the same time, analysts are vulnerable to automation bias, alert fatigue, inconsistency under 
pressure, and overreliance on scores that appear authoritative but lack interpretive clarity (Begum &  
Kaniz, 2023; Binte & Hasan Or, 2022). This creates a crucial research problem: the value of AI in fraud 
detection depends not only on what the model knows, but also on how its outputs are absorbed into 
human decision routines. Studying analyst decision workflows allows researchers to examine where 
trust is formed, where friction appears, and how performance metrics translate into action quality (Ara 
& Onyinyechi, 2023; Gavrilova et al., 2022; Islam & Aditya, 2023). For a quantitative paper framed 
around trustworthy AI, analyst workflow is not an external background factor. It is one of the main 
contexts through which model performance becomes operationally meaningful, institutionally 
accepted, and practically measurable in real-world fraud management settings (Ahmed & Mehedi, 
2023; Hasan Or et al., 2023). 
Integrating model performance with analyst decision workflows matters methodologically because 
fraud detection is a layered system in which predictive outputs, human interpretation, and institutional 
procedures combine to produce final outcomes. A narrow performance-centered approach often 
assumes that stronger classification results automatically yield better decision systems. That 
assumption can obscure the operational realities of fraud work, where alert volume, review burden, 
threshold calibration, documentation needs, and interface usability influence the actual value of a 
model (Laplante et al., 2020; Mainuddin & Chandra, 2023; Mehedi & Nahar, 2023). For example, a 
model that improves recall by identifying more suspicious cases may also increase false positives to a 
level that disrupts analyst throughput and weakens prioritization quality. Similarly, a model with 
strong ranking ability may still be difficult to use if the signals it relies on are not presented in a form 
that supports quick and justified review (Mostafa, 2023; Chandra, 2023). Methodological integration 
therefore means evaluating the model not only through statistical indicators but also through its 
consequences within the workflow of alert assignment, triage, case investigation, escalation, and 
disposition. This is especially relevant in quantitative research when the goal is to produce findings 
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that are meaningful for both academic knowledge and institutional practice. The notion of 
trustworthiness becomes more precise when it is connected to measurable organizational effects such 
as review time, alert acceptance rates, decision consistency, override frequency, workload distribution, 
and perceived evidence sufficiency (Agarwal, 2019). Integrating workflow considerations also allows 
researchers to address the common gap between laboratory performance and deployment 
performance. Fraud models are often trained and tested on historical datasets under controlled 
assumptions, while analysts work in environments characterized by incomplete information, shifting 
attack patterns, policy constraints, and time-sensitive judgments. A workflow-integrated perspective 
helps reveal whether the model’s strengths are preserved, diluted, or transformed in the actual 
investigative process. It also aligns with the understanding that socio-technical systems should be 
studied at the point where technology and human action intersect (Zheng et al., 2019). For a paper 
centered on trustworthy AI, this methodological integration is essential because trust cannot be inferred 
from accuracy alone. It must be examined where predictions become recommendations, where 
recommendations become case actions, and where case actions generate institutional consequences in 
the financial fraud control environment. 
The present research context is shaped by a growing need to evaluate fraud detection systems in a way 
that captures both model-level effectiveness and human-level decision usability within trustworthy AI 
frameworks (Hickman & Petrin, 2021). Although quantitative fraud studies have generated extensive 
evidence on predictive algorithms, imbalance handling, feature engineering, ensemble methods, 
anomaly detection, and cost-sensitive classification, many investigations remain centered on 
benchmark comparison rather than operational integration. At the same time, organizational studies of 
fraud work often discuss investigation practices, human expertise, and workflow pressures without 
systematically linking those factors to the measurable behavior of AI models (Hickman & Petrin, 2021). 
This separation has created a research problem at the heart of financial fraud detection: institutions 
require systems that perform well numerically and also support analysts in making decisions that are 
timely, consistent, auditable, and credible. A mixed-methods study becomes especially valuable in this 
context because it allows the researcher to place quantitative model evaluation alongside structured 
insight into analyst workflows, thereby producing a more complete understanding of what trustworthy 
performance means in practice. In such a design, quantitative evidence can establish how well models 
classify fraudulent activity, while workflow-oriented evidence can clarify how those outputs are 
received, interpreted, and translated into operational actions. This does not weaken the quantitative 
orientation of the paper; rather, it strengthens it by anchoring numerical findings in the actual decision 
environment where fraud control succeeds or fails (Adams & Hagras, 2020). The core intellectual 
movement of the study therefore lies in shifting from isolated model assessment to integrated system 
assessment. In trustworthy AI for financial fraud detection, the central issue is not simply whether an 
algorithm can detect suspicious patterns, but whether that detection capability can be embedded into 
analyst workflows in a way that sustains confidence, improves action quality, and aligns with 
organizational control structures (Ashfaq et al., 2022). The introduction to such a paper must therefore 
build from foundational definitions toward a recognition of fraud detection as a globally significant, 
technically advanced, and humanly mediated domain. Within this framing, the study is positioned as 
an effort to connect predictive performance with analyst decision workflows so that trustworthy AI can 
be examined not as an abstract ideal, but as an operational condition of effective fraud governance (Sun 
et al., 2021). 
The objective of this study is to examine how model performance and analyst decision workflows can 
be jointly understood within the broader framework of trustworthy artificial intelligence for financial 
fraud detection. More specifically, the study seeks to move beyond a narrow assessment of fraud 
detection systems based only on predictive metrics and instead establish a more integrated analytical 
perspective in which technical effectiveness is considered alongside the way fraud analysts actually 
interpret, prioritize, and act upon model-generated alerts in operational environments. The study is 
designed to investigate whether strong model performance, as reflected in measures such as 
classification accuracy, precision, recall, false positive control, and consistency of prediction, is 
meaningfully aligned with the practical requirements of analyst decision-making, including alert 
triage, case investigation, workload management, evidence review, escalation judgment, and final 
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action selection. It also aims to identify the extent to which trustworthy AI attributes such as 
transparency, reliability, explainability, accountability, and usability are reflected not only in the 
statistical behavior of fraud detection models but also in the confidence and efficiency with which 
analysts incorporate those outputs into their daily workflows. A central objective is to assess whether 
the operational value of AI-based fraud detection systems can be better understood through a 
combined view of algorithmic output and human decision processes rather than through isolated 
model benchmarking alone. In this sense, the study intends to provide an empirical basis for evaluating 
fraud detection as a socio-technical system where technological performance and human judgment are 
interdependent elements of institutional effectiveness. Another important objective is to clarify how 
analyst interaction with model predictions shapes the practical meaning of trustworthiness in high-
stakes financial contexts, where incorrect decisions may influence loss exposure, customer experience, 
compliance quality, and case resolution speed. By focusing on the intersection of measurable model 
performance and structured analyst workflows, the study aims to generate a rigorous understanding 
of how fraud detection systems function in real decision settings and how trustworthy AI can be 
evaluated in ways that reflect both computational strength and operational applicability within 
financial institutions. 
LITERATURE REVIEW 
The literature review for this study is designed to establish a rigorous scholarly foundation for 
examining the relationship between model performance and analyst decision workflows within the 
domain of trustworthy artificial intelligence for financial fraud detection. In quantitative research, the 
literature review serves not only as a summary of prior scholarship but also as a structured analytical 
framework through which the major constructs, variables, measurement traditions, and unresolved 
empirical gaps of the study are identified and clarified (Choi & Lee, 2018). For a topic such as financial 
fraud detection, where machine learning systems are increasingly embedded in institutional decision 
environments, the literature must be reviewed in a way that captures both the statistical dimensions of 
fraud classification and the operational realities that shape how such classifications are used by fraud 
analysts in practice. This makes the present literature review especially important because the study 
does not treat fraud detection models as isolated computational tools; rather, it positions them within 
a broader socio-technical setting in which prediction quality, explainability, workload distribution, 
alert prioritization, review efficiency, and human decision consistency are interconnected (Nassar et 
al., 2020). The review therefore brings together scholarship from fraud analytics, financial crime 
detection, machine learning evaluation, explainable AI, human-AI interaction, decision support 
systems, and operational risk management to build a coherent quantitative basis for the study. It also 
aims to trace how research has evolved from traditional rule-based fraud screening to advanced 
predictive modeling and, more recently, to concerns surrounding trustworthy AI, institutional 
accountability, and workflow usability. In doing so, this section identifies the measurable constructs 
that are most relevant to the current investigation, including model accuracy, precision, recall, false 
positive rates, explainability, analyst response patterns, investigation efficiency, and decision outcomes 
(Nesvijevskaia et al., 2021). The literature review further clarifies where prior studies have concentrated 
their attention and where analytical fragmentation remains, particularly in relation to the limited 
integration of model-centric performance evidence with analyst-centric workflow evidence. As a result, 
this section is structured to move from conceptual and technical foundations toward the specific 
empirical relationships that support the study’s quantitative direction, ensuring that the review 
functions as both a theoretical grounding and a variable-based roadmap for the research (Cirqueira et 
al., 2021). 
Financial Fraud Detection in Quantitative Research 
Financial fraud detection has been widely treated in quantitative research as a rare-event classification 
problem in which the core analytical difficulty lies in identifying a very small number of fraudulent 
observations embedded within extremely large volumes of legitimate financial activity. This 
characterization is important because fraud events do not appear in balanced or evenly distributed 
patterns across banking transactions, insurance claims, loan applications, card payments, or digital 
wallet activity (Dhieb et al., 2020). Instead, the fraudulent class is typically sparse, irregular, adaptive, 
and behaviorally heterogeneous, while the legitimate class is dominant, repetitive, and operationally 
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routine. As a result, researchers have emphasized that fraud detection differs from ordinary 
classification problems because traditional predictive success measures may obscure the practical 
inability of a model to capture the minority class that actually matters to institutions. The literature has 
therefore framed fraud detection as a high-stakes signal extraction task in which analysts and systems 
must identify suspicious transactions under conditions of asymmetry, uncertainty, and high financial 
consequence. Many studies explain that the statistical structure of fraud data is shaped by skewed 
distributions, overlapping behavioral patterns, shifting attack strategies, and concept drift, all of which 
complicate stable model learning (Psychoula et al., 2021).  
 

Figure 3: Foundations of Quantitative Fraud Detection 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Quantitative scholarship has also highlighted that fraudulent behavior often imitates legitimate 
conduct to avoid detection, making separation between classes difficult and making simple linear or 
rule-bound distinctions inadequate. Within this perspective, fraud detection becomes not only a matter 
of assigning labels but also a risk assessment activity in which prediction quality is closely tied to 
institutional loss control, operational review burden, and decision reliability. The literature consistently 
shows that this rare-event nature affects sampling strategies, variable construction, classifier selection, 
threshold calibration, and evaluation priorities (Zhou et al., 2021). In that sense, the statistical 
characterization of financial fraud establishes the conceptual base for the entire field: fraud detection is 
a quantitatively complex classification problem in which rarity, ambiguity, and costly errors define 
both the research challenge and the operational significance of model development. 
The literature shows a clear quantitative evolution in financial fraud detection from manually driven 
screening processes and expert-authored rule systems toward increasingly sophisticated machine 
learning-based fraud scoring architectures. Earlier detection systems were designed around predefined 
logic, where domain experts encoded suspicious patterns into threshold conditions such as unusual 
transaction values, frequency anomalies, geographic inconsistencies, duplicate identifiers, or 
mismatches between historical and current behavior (Liu et al., 2020). These rule-based systems were 
appealing because they were interpretable, easy to document, and straightforward to align with 
compliance procedures. They also provided institutions with a transparent basis for decision-making 
in environments where fraud patterns were relatively stable or operational data remained limited. Over 
time, however, the growth of digital finance, online transactions, mobile payments, and large-scale data 
infrastructures exposed the limitations of static rules. The literature increasingly documented that 
manual rules were often brittle, reactive, and resource-intensive, especially when fraudsters 
continuously altered their strategies to mimic legitimate activity or exploit system blind spots. 
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Quantitative research therefore turned toward data-driven approaches that could learn from historical 
transaction records and discover hidden relationships across multiple variables (Goecks et al., 2022). 
Statistical scoring models, logistic regression frameworks, decision trees, and clustering methods 
marked an important transitional phase because they introduced probabilistic reasoning and pattern-
based learning into fraud management. Later developments expanded this trajectory through ensemble 
models, boosting methods, neural networks, anomaly detection systems, and hybrid architectures 
capable of processing non-linear interactions and large feature spaces. The literature synthesizes this 
progression as a shift from rigid control logic to adaptive prediction systems that prioritize scalable 
classification and dynamic risk estimation (West & Bhattacharya, 2016). Importantly, this evolution is 
not presented merely as technological replacement but as a methodological transformation in how 
fraud itself is conceptualized: no longer as a set of isolated suspicious rules, but as a changing, data-
dependent behavioral phenomenon requiring continuously updated scoring and ranking mechanisms. 
This quantitative transition has fundamentally reshaped the field by positioning fraud detection as an 
empirical prediction problem supported by data architecture, algorithmic learning, and performance 
optimization rather than solely by human-authored operational rules (Huang et al., 2018). 
A major contribution of the literature lies in its classification of financial fraud into measurable 
typologies across multiple institutional contexts, allowing fraud detection research to move from 
abstract suspicion categories toward structured analytical targets. In banking environments, fraud has 
often been studied in relation to account takeover, unauthorized transfers, identity misuse, internal 
manipulation, and suspicious transaction flows. In credit and lending systems, researchers have 
focused on application fraud, income misrepresentation, synthetic identities, credit bust-out schemes, 
and document falsification, all of which generate measurable anomalies across borrower profiles, 
repayment patterns, and account histories (Widuri & Gautama, 2020). In payment systems, the 
literature has concentrated heavily on card-present and card-not-present fraud, merchant abuse, 
chargeback manipulation, transaction laundering, and digital wallet misuse, often emphasizing the 
speed and frequency with which such fraud occurs. Insurance fraud research has addressed false 
claims, inflated losses, staged events, duplicate claims, provider collusion, and opportunistic 
exaggeration, typically drawing attention to the role of narrative inconsistency, claim timing, and 
behavioral irregularity (Ali et al., 2022). In digital finance contexts, including fintech platforms and e-
commerce ecosystems, scholarship has expanded to include peer-to-peer fraud, onboarding deception, 
fake accounts, mule networks, promotional abuse, and platform-enabled scam transactions. What 
unifies these typologies in the quantitative literature is the effort to translate them into measurable 
events, variables, and risk indicators that can be captured through structured data. The literature 
repeatedly demonstrates that fraud is not a single operational phenomenon but a family of behaviors 
that differ by channel, product, timing, data availability, and institutional exposure. This has important 
implications for model design because a classifier developed for transaction fraud may not adequately 
capture loan application deception or insurance claim manipulation (Ashtiani & Raahemi, 2021). As a 
result, researchers have argued that fraud detection systems must be grounded in context-specific 
typologies that reflect the observable mechanisms of deception in each financial domain. The 
measurable structuring of fraud types has therefore become central to quantitative research, enabling 
better feature engineering, improved labeling logic, more precise benchmarking, and stronger 
alignment between model outputs and institutional risk environments (Mao et al., 2022). 
The literature consistently identifies data imbalance, noise, and feature complexity as three of the most 
persistent methodological challenges in fraud detection model development. Financial fraud datasets 
are rarely clean or straightforward; they are typically characterized by severe class imbalance, 
incomplete labels, evolving behavioral patterns, inconsistent transaction contexts, and variables whose 
relevance changes over time. Data imbalance creates a situation in which the overwhelming majority 
of cases are legitimate, which can lead models to favor the dominant class and generate deceptively 
strong general performance while failing to detect the fraudulent minority. At the same time, the 
literature notes that fraud data are often noisy because transaction records may contain missing values, 
inconsistent entries, duplicated patterns, weak labels, and delayed verification outcomes (Sánchez et 
al., 2018). In many operational systems, cases labeled as non-fraud may simply reflect undetected fraud, 
while confirmed fraud labels may arrive after long investigative processes, introducing uncertainty into 
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model training. Feature complexity adds another layer of difficulty because meaningful fraud signals 
are often distributed across transactional, temporal, behavioral, relational, geographic, and device-
related variables rather than residing in a single obvious indicator. Researchers therefore emphasize 
that fraud detection depends heavily on how raw data are transformed into features that capture 
frequency, velocity, deviation from customer history, cross-account association, channel switching, 
unusual sequences, or network irregularity (Chen et al., 2019). The literature also shows that complex 
features can improve predictive performance while simultaneously increasing model opacity and 
making validation more demanding. These challenges have led quantitative studies to pay close 
attention to data preparation, sampling design, label quality, and feature construction as foundational 
elements of fraud model development rather than mere preprocessing steps. Across banking, 
payments, insurance, and digital finance, the evidence suggests that successful fraud detection depends 
as much on the quality and structure of the input data as on the sophistication of the algorithm itself 
(Huang et al., 2017). For that reason, this body of literature establishes fraud detection as a data-
sensitive modeling problem in which imbalance, noise, and feature complexity directly shape 
prediction quality, institutional usability, and the reliability of downstream decisions. 
AI-Based Financial Fraud Detection Models 
The literature on AI-based financial fraud detection consistently treats performance measurement as a 
central component of model evaluation, with accuracy, precision, recall, and F1-score forming the most 
frequently discussed baseline indicators for classifier comparison (Tang & Karim, 2019). Within 
quantitative fraud research, these metrics are not interpreted as interchangeable summaries of 
performance, but as distinct views of how well a model manages the difficult task of distinguishing 
fraudulent from legitimate cases in highly skewed financial datasets. Accuracy has traditionally been 
used as a broad indicator of overall correctness, and many early fraud studies relied on it because of its 
simplicity and widespread familiarity. Yet the literature repeatedly emphasizes that accuracy can 
produce misleading impressions in fraud detection contexts where non-fraudulent cases dominate the 
dataset, allowing a classifier to appear highly successful even when it identifies very few actual fraud 
cases (Hashim et al., 2020). For that reason, precision and recall have become especially important in 
comparative evaluation. Precision reflects the proportion of flagged cases that are truly fraudulent, 
making it highly relevant to institutions that seek to reduce unnecessary investigations and alert 
fatigue. Recall reflects the proportion of all fraud cases successfully detected, which is particularly 
significant in contexts where missed fraud can produce direct financial loss, reputational damage, or 
regulatory concern. The literature often treats the relationship between precision and recall as a core 
tension in fraud analytics, since improvements in one may come with deterioration in the other 
depending on threshold settings and model behavior (Chen et al., 2017). F1-score has therefore gained 
importance as a balancing indicator because it brings together both dimensions into a single measure 
of detection quality. Comparative studies show that these four metrics are widely used to benchmark 
machine learning models such as logistic regression, decision trees, random forests, gradient boosting, 
neural networks, and ensemble classifiers. Collectively, the literature positions them as foundational 
performance outcomes that help researchers assess whether a fraud classifier is merely statistically 
acceptable or genuinely useful for detecting suspicious activity in institutional practice. 
Beyond basic classification indicators, the literature places strong emphasis on ROC-AUC, PR-AUC, 
and threshold sensitivity as more refined measures of fraud model discrimination quality (Bhowmik 
et al., 2022). These metrics are especially important in fraud detection because they assess how well a 
model separates fraudulent from legitimate cases across varying decision thresholds rather than at only 
one fixed classification point. In quantitative studies, ROC-AUC is commonly used to summarize the 
model’s ability to rank fraudulent cases above non-fraudulent cases across a full range of threshold 
conditions. This makes it attractive for general benchmarking because it is less dependent on one 
arbitrary cut-off and provides a broad view of classifier separability. At the same time, the literature 
has become increasingly careful in noting that ROC-based evaluation may not be sufficient on its own 
in highly imbalanced fraud settings, where the overwhelming number of legitimate cases can make 
performance appear stronger than it is in practical terms (Bhowmik et al., 2022). This is one reason PR-
AUC has received increased attention. Precision-recall analysis places greater focus on minority-class 
identification and is therefore often viewed as more informative for fraud detection, especially when 
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the research objective is to understand how effectively a model captures rare fraud events while 
limiting false alarms. Quantitative scholarship also discusses threshold sensitivity as a critical aspect of 
model evaluation because the usefulness of a fraud detection system depends not only on its ranking 
quality but also on how performance changes when operational thresholds are adjusted. Institutions 
rarely apply models under purely theoretical settings; they calibrate thresholds according to risk 
appetite, analyst capacity, fraud prevalence, and control priorities (Li, 2022).  
 
 

Figure 4: AI Fraud Detection Performance Metrics 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The literature therefore shows that threshold movement can substantially alter recall, precision, false 
alert burden, and downstream review efficiency. This makes discrimination quality a dynamic rather 
than static characteristic. In synthesis, the research establishes that ROC-AUC, PR-AUC, and threshold 
sensitivity provide a deeper understanding of whether a model can support practical fraud detection 
decisions, particularly when institutions must balance statistical separability with operational realism 
in high-volume and highly imbalanced financial environments (Nesvijevskaia et al., 2021). 
The literature on operational fraud detection repeatedly demonstrates that false positive burden and 
false negative risk are among the most consequential performance dimensions in evaluating AI-based 
fraud models. These error types are not viewed as abstract statistical imperfections; they are treated as 
materially important outcomes that shape institutional cost, workflow efficiency, customer experience, 
and risk exposure. False positives occur when legitimate cases are incorrectly flagged as suspicious, 
creating unnecessary alerts that increase analyst workload, slow review processes, interrupt customer 
transactions, and potentially reduce trust in the detection system (Fukas et al., 2022). In high-volume 
banking, card, payment, and insurance environments, the literature notes that even a modest false 
positive rate can translate into a very large number of non-productive investigations, generating 
operational strain and reducing attention available for truly suspicious cases. For this reason, many 
quantitative studies evaluate not only whether a model detects fraud, but also how much noise it 
introduces into the case management process. False negatives, by contrast, represent fraud cases that 
remain undetected, and the literature treats these as direct sources of financial and institutional harm. 
Missed fraud can result in monetary loss, regulatory scrutiny, reputational damage, repeated 
victimization, and erosion of control effectiveness (Alzahrani & Aljabri, 2022). In many studies, the 
relative severity of false negatives is discussed as one of the defining features of fraud detection 
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research, particularly in settings where a single undetected event may have outsized loss consequences. 
The literature therefore emphasizes that model evaluation must account for the asymmetry between 
these two forms of error. Some sectors tolerate a higher volume of false positives in exchange for 
stronger fraud capture, while others seek tighter alert control to preserve customer experience and 
investigation efficiency. This operational trade-off has made false positive burden and false negative 
risk central dependent outcomes in fraud scholarship (Dixit et al., 2022). The synthesis across studies 
shows that the best-performing fraud models are not simply those with high general classification 
scores, but those that manage the institutional balance between over-alerting and under-detection in a 
way that supports sustainable, defensible, and economically meaningful fraud control. 
AI Architectures Used in Quantitative Fraud Detection Studies 
The literature on quantitative fraud detection consistently identifies logistic regression, decision trees, 
and random forests as foundational algorithmic families for baseline fraud prediction analysis 
(Kapadiya et al., 2022). These models occupy an important place in financial fraud research because 
they offer a strong starting point for comparing predictive performance, variable sensitivity, and 
practical interpretability across diverse datasets. Logistic regression has been widely used as an early 
benchmark in fraud analytics because of its statistical clarity, stable implementation, and suitability for 
binary classification tasks where the objective is to distinguish fraudulent from legitimate cases. In 
many studies, it is valued for its capacity to estimate the directional contribution of input variables 
while maintaining a relatively transparent structure that analysts and institutional stakeholders can 
interpret. Decision trees extend this baseline by allowing non-linear splits and rule-like segmentation 
of fraud-related patterns, making them especially appealing in contexts where researchers seek 
understandable pathways for classification rather than purely abstract probability scores (Erfani et al., 
2020). Their visual and logic-based form has often aligned well with operational fraud settings in which 
case reviewers need to understand why a transaction, claim, or application is flagged as suspicious. 
Random forests emerged in the literature as a more robust extension of tree-based modeling by 
aggregating multiple decision trees to improve stability, reduce overfitting, and strengthen predictive 
consistency across noisy or heterogeneous financial data. Quantitative studies frequently report that 
random forests outperform simpler baseline models when fraud signals are distributed across complex 
interactions, mixed feature types, and high-variance transactional patterns (Awotunde et al., 2021). At 
the same time, the literature notes that interpretability declines as models move from logistic regression 
and single trees toward ensemble structures. This makes these three model families particularly useful 
not only for predictive benchmarking but also for understanding the tension between strong baseline 
accuracy and transparent decision logic. As a synthesized body of work, the literature presents logistic 
regression, decision trees, and random forests as essential comparative anchors in fraud detection 
research, helping scholars evaluate how different levels of model flexibility and interpretability shape 
both classification quality and institutional usability (Ashtiani & Raahemi, 2021). 
Support vector machines and gradient boosting models have received significant attention in the fraud 
detection literature because of their ability to perform well in high-dimensional classification 
environments where fraud patterns are subtle, overlapping, and difficult to separate through simpler 
techniques. Financial fraud datasets often contain large numbers of transactional, behavioral, temporal, 
categorical, and engineered variables, creating analytical conditions in which robust boundary 
detection and adaptive feature interaction modeling become especially valuable. Support vector 
machines have been widely studied for their ability to identify separating structures between 
fraudulent and legitimate observations, particularly in contexts where decision boundaries are not 
straightforward and the dimensionality of the input space is substantial (Malik et al., 2022). In fraud 
research, they are often appreciated for their capacity to handle sparse or complex feature spaces and 
for their comparatively strong classification behavior in tasks where rare-event detection requires 
careful margin-based discrimination. Gradient boosting models, including boosting-based tree 
ensembles, occupy an even more prominent role in recent literature because they iteratively improve 
predictive performance by correcting prior classification errors and capturing layered interactions 
among variables. These models have been shown to perform strongly in structured financial datasets, 
especially when feature engineering, non-linearity, and class imbalance are central concerns (Kute et 
al., 2021). The literature often compares support vector machines and gradient boosting models in 
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terms of computational burden, adaptability, predictive precision, and interpretive difficulty. Support 
vector machines may perform effectively in controlled settings, yet they can become less practical in 
extremely large-scale or highly dynamic datasets. Gradient boosting approaches, on the other hand, 
are frequently reported as strong performers across fraud benchmark studies because of their 
flexibility, robustness, and ability to learn from heterogeneous data structures. The literature also 
shows that these methods are especially suited to tabular financial data containing mixed variable 
types, interaction-heavy behavior, and complex fraud signatures. At the same time, scholars often note 
that stronger discrimination power can come with a decline in immediate transparency, creating 
interpretability challenges for practitioners who need to justify model outputs (Sadgali et al., 2019).  
 
 

Figure 5: AI Architectures for Fraud Detection 

 
 
As a result, this body of research positions support vector machines and gradient boosting models as 
high-performing intermediate-to-advanced tools that strengthen fraud prediction while also 
intensifying the methodological discussion around complexity, explainability, and deployment 
readiness. 
The literature demonstrates that deep neural networks, autoencoders, and sequential models have 
become increasingly important in fraud detection research because they are designed to learn highly 
complex, layered, and time-sensitive patterns that traditional methods may fail to capture (Chaquet-
Ulldemolins et al., 2022). Financial fraud often unfolds through evolving sequences of transactions, 
repeated behavioral deviations, latent interactions among customer actions, and hidden structures that 
do not present themselves clearly in standard tabular relationships. Deep neural networks are 
frequently discussed as powerful tools for representing non-linear dependencies across large and 
feature-rich datasets, especially when fraud signals are embedded in intricate combinations of 
spending behavior, device usage, transaction timing, merchant profiles, or account activity. Their value 
in the literature lies in their ability to model patterns that are too subtle or multidimensional for simpler 
baseline algorithms. Autoencoders have been studied prominently in anomaly detection settings, 
where fraud labels may be incomplete, delayed, or unreliable (Xiuguo & Shengyong, 2022). In such 
contexts, researchers use autoencoder-based architectures to learn the normal structure of legitimate 
activity and then identify unusual deviations that may indicate suspicious behavior. This makes them 
especially useful in environments where new fraud patterns emerge faster than labeled training data 
can be produced. Sequential models have also gained relevance because many fraud events are not 
isolated occurrences but unfold over time through ordered chains of actions. Models designed to 
capture temporal dependency have therefore been applied to transaction streams, session behavior, 
account history, and event progression in order to improve detection sensitivity. The literature 
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generally presents these architectures as well suited to complex, dynamic, and high-volume financial 
environments, particularly when relational timing and behavioral trajectory matter (Gomes et al., 2021). 
At the same time, scholars repeatedly note that such models are often more difficult to interpret, 
validate, and operationalize in regulated fraud settings. Their internal complexity can make it difficult 
for analysts and risk managers to understand why a specific case was classified as suspicious. Thus, 
the literature synthesizes deep learning and related architectures as powerful but operationally 
demanding tools, offering strong gains in complex pattern recognition while raising important 
concerns about transparency, governance, and compatibility with human-centered fraud investigation 
workflows (Dantas et al., 2022). 
Graph-based and network-aware models represent a major development in the literature because they 
address a central limitation of many traditional fraud detection approaches: the tendency to treat 
transactions or entities as isolated units rather than as participants in relational structures. In many 
forms of financial fraud, suspicious behavior is not fully visible at the level of a single transaction, 
account, or application. Instead, fraud emerges through connections among users, merchants, devices, 
addresses, claims, accounts, or transaction pathways (Cirqueira et al., 2021). The literature has therefore 
increasingly turned to graph-based modeling to capture the networked character of fraudulent activity, 
particularly in cases involving collusion, mule accounts, synthetic identities, staged claims, coordinated 
merchant abuse, and cross-account transaction laundering. These models allow researchers to quantify 
relational fraud behavior by mapping entities and interactions into structured networks where 
connectivity, centrality, clustering, path dependence, and community behavior become analytically 
meaningful. In this way, graph-based approaches are especially suited to fraud scenarios in which 
deception is distributed across linked actors rather than concentrated in a single record (Sánchez-
Aguayo et al., 2021). The literature shows that network-aware models can reveal hidden structures that 
remain undetected in purely row-based machine learning systems, making them highly valuable for 
uncovering organized fraud schemes. Quantitative studies also indicate that graph learning can 
improve performance where entity relationships carry predictive information beyond transactional 
attributes alone. This includes detecting shared devices, repeated intermediaries, linked addresses, 
unusual movement across account networks, or suspicious clusters of claims and payments. At the 
same time, the literature notes that graph-based fraud modeling often requires more sophisticated data 
integration, stronger computational resources, and more complex validation strategies than 
conventional classifiers (Dissanayake et al., 2020). Interpretability also becomes more layered, since 
analysts must understand not only why an individual case is risky but also how it is embedded in a 
suspicious relational structure. As synthesized in prior research, graph-based and network-aware 
architectures are particularly well suited to data structures where fraud is collective, relational, or 
ecosystem-based. They extend fraud analytics beyond isolated prediction and toward systemic 
detection, while also intensifying the challenge of translating complex relational intelligence into clear, 
actionable, and trustworthy decision support for financial institutions (Bakumenko & Elragal, 2022). 
Measurable Construct in Financial Fraud Detection 
The literature increasingly treats reliability and robustness as core measurable dimensions of 
trustworthy AI in financial fraud detection because high-performing systems must remain stable under 
changing data conditions, transaction environments, and operational demands. Reliability in this body 
of scholarship is generally understood as the ability of a fraud detection model to produce consistent 
and dependable outputs across repeated applications, validation samples, institutional settings, and 
time periods. In fraud contexts, this quality is especially important because models are often deployed 
in fast-moving environments where customer behavior evolves, payment channels diversify, fraud 
tactics adapt, and transaction streams fluctuate in volume and structure (Dix et al., 2021). Quantitative 
studies therefore examine whether a model’s predictive behavior remains stable when exposed to new 
time windows, unseen fraud patterns, imbalanced validation sets, noisy records, or data shifts between 
development and deployment contexts. Robustness is often discussed alongside reliability but is 
treated more specifically as the model’s capacity to resist performance degradation when confronted 
with perturbation, incomplete inputs, adversarial manipulation, inconsistent labeling, or distributional 
drift (Yang et al., 2020).  
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Figure 6: Trustworthy AI in Fraud Detection 

 
The literature shows that financial institutions require fraud models that do not collapse when patterns 
shift slightly or when input quality becomes imperfect, because operational fraud screening depends 
on uninterrupted scoring consistency and defensible control outcomes. Researchers have therefore 
used repeated validation, cross-sample testing, temporal holdout designs, sensitivity-based 
comparisons, and stress-oriented performance checks to evaluate how resilient different fraud 
architectures are under changing conditions. Across studies, reliability and robustness are among the 
most frequently quantified trustworthiness dimensions because they can be linked relatively directly 
to measurable performance stability. This makes them more operationally tangible than some broader 
ethical constructs. The literature also emphasizes that a model cannot be considered trustworthy 
merely because it performs well in one benchmark setting (Faust et al., 2018). In fraud detection, 
trustworthiness requires durable performance across scenarios that more closely resemble real 
institutional conditions, where volatility, strategic adaptation, and imperfect data are normal rather 
than exceptional. For that reason, reliability and robustness are positioned as foundational indicators 
of whether AI systems can be depended upon for real fraud risk management rather than experimental 
success alone (Karadayı et al., 2020). 
Explainability has emerged in the literature as one of the most visible and frequently discussed 
dimensions of trustworthy AI in fraud risk classification, particularly because fraud detection systems 
often influence decisions that require justification, review, and human intervention. In quantitative 
scholarship, explainability is typically understood not as a purely philosophical quality but as a 
practical property of a model or output structure that enables users to understand why a transaction, 
account, application, or claim has been classified as suspicious. This has made explainability especially 
important in financial settings where analysts, compliance teams, auditors, and decision-makers need 
to interpret alerts rather than accept them as opaque outputs (Mahalakshmi et al., 2022). The literature 
identifies two broad streams of explainability. One focuses on inherently interpretable models, such as 
logistic regression, sparse rule-based systems, and simpler tree structures, where the decision path is 
comparatively easy to describe. The other focuses on post hoc interpretability methods used to explain 
more complex architectures such as boosting models, neural networks, and ensemble systems. Within 
fraud research, explainability is often operationalized through feature ranking, contribution scoring, 
local explanation quality, decision trace visibility, and the clarity of model-generated reasons 
accompanying alerts. Studies frequently evaluate whether explanations improve analyst 
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understanding, support case justification, reduce uncertainty, and strengthen trust in AI-generated 
signals. The literature also notes that interpretable output structures matter as much as the internal 
model itself (Kabir et al., 2022). A highly complex model may still be operationally useful if its outputs 
are translated into evidence formats that analysts can meaningfully apply in their review workflows. 
This includes structured alert summaries, prioritized factors, anomaly indicators, customer-history 
deviations, and relationship-based warning cues. At the same time, the literature shows that 
explainability remains unevenly operationalized, with many studies acknowledging its importance but 
measuring it indirectly or only descriptively. Nevertheless, among trustworthiness dimensions, 
explainability is one of the most often examined because it connects technical outputs with human 
decision-making (Chan et al., 2022). In fraud detection, this makes it central not only to user confidence 
but also to the reviewability and institutional legitimacy of AI-assisted risk classification systems.  
Explainability and Interpretability in Quantitative Fraud Analytics 
The literature on explainability and interpretability in quantitative fraud analytics has increasingly 
emphasized feature importance quantification as one of the most practical ways to make fraud 
detection models understandable in institutional settings. In fraud research, feature importance refers 
to the relative contribution of input variables to a model’s classification behavior, allowing 
investigators, analysts, and model developers to identify which transactional, behavioral, temporal, or 
relational attributes most strongly influence the prediction of suspicious activity (Dixit et al., 2022). This 
has been particularly important in financial fraud detection because institutions rarely rely on model 
output alone; they also require a coherent explanation of the factors that drove an alert so that the 
prediction can be interpreted, documented, and acted upon within an investigative workflow. The 
literature shows that interpretable fraud detection models often depend on structured variable 
transparency, where risk signals such as unusual transaction amounts, geographic irregularities, 
account behavior deviation, device inconsistency, repeated failed authentication, abnormal timing, 
merchant anomalies, or linked-account activities are presented as meaningful contributors to suspicion 
(Zhang et al., 2020). Researchers commonly discuss feature importance not only as a technical 
diagnostic but also as a bridge between predictive analytics and human case reasoning. In quantitative 
studies, transparent models are often valued because they provide analysts with a manageable basis 
for understanding why a case is risky, which in turn supports faster triage and more defensible 
escalation decisions. The literature also makes clear that feature importance must be interpreted 
carefully, because the most statistically influential variables are not always the most practically useful 
for case review. Some variables may be highly predictive but difficult for analysts to interpret or 
operationalize. Others may support institutional reasoning even when they contribute less to raw 
performance. For this reason, the scholarship increasingly treats feature importance as part of a broader 
interpretability framework in which analytical contribution, contextual clarity, and workflow relevance 
must all be considered together (Rizinski et al., 2022). As synthesized across prior studies, feature 
importance quantification remains one of the most established and frequently applied forms of 
explainability in fraud analytics because it translates complex classification behavior into identifiable 
and reviewable risk signals. 
A substantial body of literature has examined SHAP, LIME, and rule-based explanation methods as 
leading post hoc interpretability approaches in financial fraud classification studies, particularly in 
settings where highly accurate models are too complex to explain through direct inspection alone. 
These methods have become important because many strong-performing fraud classifiers, including 
boosting models, ensembles, and deep learning systems, offer limited intrinsic transparency even 
though institutions still require understandable reasons for alert generation (Lehner et al., 2022). In 
response, researchers have used post hoc explanation techniques to reveal how individual predictions 
are formed and how specific variables influence the classification of transactions, claims, accounts, or 
applications as fraudulent. SHAP is frequently discussed in the literature as a method that attributes 
prediction influence across features in a way that allows both global and local understanding of model 
behavior.  
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Figure 7: Explainability in Quantitative Fraud Analytics 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
LIME has similarly been used to approximate local decision logic around individual cases, helping 
analysts interpret why a particular alert was produced within a restricted neighborhood of model 
behavior. Rule-based explanation methods and rule extraction approaches are also widely addressed 
because they transform complex predictions into simplified logical structures that are more easily 
communicated to investigators, auditors, and governance teams (Falco et al., 2021). The literature 
suggests that these explanation methods are particularly valuable in fraud contexts where the 
credibility of a prediction depends on whether it can be defended through understandable evidence 
rather than statistical strength alone. At the same time, researchers note that the usefulness of these 
methods varies depending on data structure, model type, explanation stability, and user expertise. 
Some explanations may appear technically precise yet remain difficult for analysts to apply in fast-
paced case review environments. Others may simplify model behavior in ways that improve 
communication but reduce fidelity to the original predictive process (Westerski et al., 2021). This has 
led the literature to view post hoc explanation not as a universal solution but as an interpretive layer 
whose value depends on how well it aligns with investigative needs. Overall, SHAP, LIME, and rule-
based explanation methods are synthesized in fraud scholarship as central tools for making complex 
AI outputs more accessible, reviewable, and operationally meaningful in financial decision 
environments. 
The literature increasingly connects explanation quality with analyst confidence in alert review, 
presenting explainability as an empirical factor that shapes how fraud analysts interpret, trust, and act 
upon AI-generated signals (Molloy et al., 2016). In quantitative fraud analytics, explanation quality is 
often understood in terms of clarity, relevance, consistency, completeness, and usefulness of the 
information accompanying a prediction. This means that explainability is not assessed solely by 
whether a model can produce an explanation, but by whether that explanation helps analysts 
understand the basis of the alert and supports confident decision-making in real case environments. 
Prior studies show that when analysts receive interpretable supporting factors alongside model 
predictions, they are better able to justify escalation decisions, verify suspicious patterns, and 
distinguish between meaningful alerts and noise. The literature frequently frames this relationship 
through measurable outcomes such as analyst comprehension, review confidence, decision 
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consistency, alert acceptance behavior, and perceived sufficiency of evidence (Nesvijevskaia et al., 
2021). In this respect, explanation quality becomes more than a technical property; it becomes a 
workflow variable that influences how efficiently and effectively human reviewers can use AI outputs. 
Researchers also note that confidence in alerts is not automatically improved by more information. 
Explanations that are too abstract, overly complex, unstable across similar cases, or poorly aligned with 
fraud investigation logic may actually reduce trust and slow decision-making. The literature therefore 
suggests that effective explanations must be cognitively usable and contextually meaningful, especially 
in environments where analysts work under time pressure and manage large alert volumes (Lin & Gao, 
2022). Many studies further indicate that explanation quality may mediate the relationship between 
model output and operational adoption, because analysts are more likely to rely on alerts when they 
understand the underlying reasons in a form compatible with their investigative practice. Synthesizing 
this research, the literature positions explanation quality as a major determinant of whether predictive 
output is translated into trusted action. In financial fraud detection, analyst confidence is not merely a 
subjective reaction but an operationally important condition that shapes review efficiency, case 
handling consistency, and the broader usability of AI-assisted detection systems (Farrugia et al., 2021). 
The literature on quantitative fraud analytics repeatedly addresses the trade-off between predictive 
power and model interpretability, identifying it as one of the central tensions in the design and 
evaluation of fraud detection systems. On one side of this trade-off are simpler and more transparent 
models, such as logistic regression, decision trees, and sparse rule-based frameworks, which are often 
easier for analysts and institutional stakeholders to understand, audit, and justify. On the other side 
are more complex models, including boosting systems, ensemble methods, deep neural networks, and 
other high-capacity architectures that often achieve stronger predictive performance in large, noisy, 
and high-dimensional fraud datasets. The literature does not present this tension as a simple conflict 
between good and bad modeling choices (Kute et al., 2021). Rather, it shows that the relative value of 
interpretability and predictive power depends on the institutional setting, regulatory context, analyst 
workflow demands, and nature of the fraud problem being addressed. In many studies, complex 
models outperform simpler alternatives on conventional performance metrics, especially when fraud 
patterns involve non-linear relationships, temporal dynamics, or subtle interactions across multiple 
variables. Yet these gains may come at the cost of reduced transparency, making it harder for analysts 
to understand why a case was flagged or to defend a decision based on the model’s output. Scholars 
therefore emphasize that predictive superiority does not automatically translate into operational 
superiority. A slightly less accurate but more interpretable model may provide greater organizational 
value if it improves alert usability, strengthens trust, reduces ambiguity, and supports faster case 
resolution (Cirqueira et al., 2021). The literature also highlights that post hoc explanation tools can 
partially mitigate this trade-off, though not always completely, because explaining a complex model is 
not the same as having a model that is inherently understandable. As a result, interpretability is 
increasingly treated as a moderating factor in the relationship between model performance and 
practical fraud management effectiveness. In synthesized terms, the literature shows that fraud 
analytics must balance classification strength with interpretive accessibility, since the ultimate 
usefulness of a model depends not only on what it predicts but also on whether its predictions can be 
meaningfully integrated into human review and institutional governance processes (Tritscher et al., 
2022). 
Fraud Analyst Decision Workflows as Measurable Operational Systems 
The literature on fraud analyst decision workflows increasingly treats fraud investigation as a 
structured operational system composed of sequential and measurable stages rather than as an 
informal or purely experience-based activity. In this body of research, analyst workflow commonly 
begins with alert triage, where large volumes of model-generated or rule-generated signals are 
screened and prioritized according to perceived urgency, risk severity, transaction context, and 
institutional thresholds (Chi et al., 2021). This stage is followed by detailed review, in which analysts 
examine customer history, transaction sequences, account behavior, linked entities, channel 
information, and available evidence to determine whether an alert merits further action. When 
suspicion remains substantial, the workflow progresses to escalation, which may involve referral to 
senior investigators, compliance units, anti-money laundering teams, dispute management groups, or 
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legal and regulatory functions depending on the nature of the case. Documentation and case resolution 
then complete the process, requiring analysts to record the rationale for their decisions, preserve 
relevant evidence, classify the case outcome, and close or transfer the matter according to 
organizational policy. The literature shows that this workflow can be mapped quantitatively because 
each stage generates observable actions, durations, transitions, and decision points that can be tracked 
within case management systems and digital investigation environments (Westerski et al., 2021). 
Researchers increasingly view workflow mapping as essential to understanding fraud operations 
because it reveals how AI alerts are translated into actual decisions and how bottlenecks, 
inconsistencies, or inefficiencies emerge across the review process. Studies have also emphasized that 
workflow stages are not always linear in practice, since some alerts are recycled, re-opened, 
deprioritized, or re-routed depending on new evidence or institutional constraints. Even so, the 
literature consistently frames fraud investigation as a process architecture that can be decomposed into 
measurable operational units (Li et al., 2022). This approach has allowed scholars to move beyond 
descriptive accounts of analyst work and instead examine fraud investigation through structured 
workflow analysis, where alert movement, case transitions, review depth, and action pathways can be 
empirically observed and compared across systems, teams, and institutional settings. 
A major strand of the literature focuses on analyst response time, case throughput, and investigation 
efficiency as central operational variables for understanding the performance of fraud investigation 
systems. In fraud operations, analysts often work under substantial volume pressure, where the 
timeliness of review is closely connected to financial loss prevention, customer experience, queue 
stability, and regulatory responsiveness (Oliveira et al., 2021). As a result, response time has been 
treated as a critical measurable variable that reflects how quickly analysts begin or complete the 
assessment of model-generated alerts after they enter the operational queue. The literature presents 
this not only as a productivity measure but also as an indicator of system responsiveness, because 
delayed review may allow fraudulent activity to continue, while overly rushed review may weaken 
decision quality. Case throughput is similarly important because it captures the number of alerts or 
investigations processed within a given operational period, helping researchers and institutions assess 
the functional capacity of fraud teams under different technological and organizational conditions. 
Studies show that throughput is influenced by many factors, including alert quality, model precision, 
interface usability, documentation burden, staffing levels, case complexity, and escalation 
requirements (Kiefer & Pesch, 2021). Investigation efficiency is often treated as a broader construct that 
combines speed, decision adequacy, and resource use, thereby allowing researchers to assess whether 
analysts are not only processing cases quickly but also doing so in a way that supports effective fraud 
control. The literature consistently argues that efficiency cannot be inferred from model performance 
alone, because even highly accurate systems may create operational inefficiencies if alerts are poorly 
prioritized, explanations are unclear, or review processes are overly fragmented (Sahakyan et al., 2021). 
Quantitative studies therefore examine case handling speed and workflow timing as essential 
downstream outcomes of fraud detection architecture. In synthesis, the literature establishes that fraud 
operations can be empirically assessed through measurable temporal and productivity indicators, and 
that these indicators are necessary for understanding the real institutional value of fraud detection 
systems beyond abstract predictive performance. 
The literature increasingly positions alert acceptance, override, and escalation rates as meaningful 
indicators of human-AI interaction quality in fraud detection environments, because these variables 
capture how analysts actually respond to model outputs during operational decision-making (Patil et 
al., 2020). Alert acceptance generally refers to the proportion of model-generated alerts that analysts 
treat as sufficiently credible or relevant to warrant continuation through the investigative process. In 
fraud research, this has become an important measure because it reflects the extent to which AI-
generated suspicion aligns with analyst judgment and institutional review logic. A low acceptance rate 
may indicate poor alert precision, excessive noise, or weak trust in the system, while a higher rate may 
suggest that the model is generating operationally useful signals. Override rate provides another 
critical indicator by measuring how often analysts reverse, ignore, or modify the recommendation 
implied by the AI system or associated alert ranking (Bhat et al., 2022).  
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Figure 8: Fraud Analyst Decision Workflow System 

 
The literature shows that overrides can reveal several different dynamics, including appropriate 
human correction of model error, low analyst confidence in system output, or structural mismatch 
between predictive logic and case investigation needs. Escalation rate is also widely discussed because 
it reflects how often reviewed alerts are judged serious enough to require further investigative 
attention, specialist review, or referral to higher-risk processes. Together, these variables provide 
insight into whether the AI system supports constructive collaboration with analysts or introduces 
friction into the decision environment. Studies in this area emphasize that human-AI interaction quality 
cannot be understood only through user attitudes or general claims of trust; it must also be examined 
through behavioral indicators that show how predictions are treated in practice. These measures are 
particularly useful because they link the statistical behavior of the model to the operational decisions 
of analysts without reducing either side to a purely subjective evaluation (van Zetten et al., 2022). The 
literature therefore synthesizes alert acceptance, override, and escalation behavior as observable signs 
of whether AI outputs are understandable, credible, actionable, and aligned with the decision 
thresholds of fraud investigators in real organizational settings. 
The literature on fraud analyst performance increasingly examines decision consistency, cognitive load, 
and workflow stability as interconnected dimensions of operational quality in fraud investigation 
systems. Decision consistency refers to the degree to which analysts produce similar judgments across 
comparable alerts, cases, or evidence conditions, and it is treated in the literature as a crucial marker of 
reliable institutional decision-making (Capuano et al., 2022). In financial fraud operations, 
inconsistency can create unequal treatment of cases, unpredictable escalation patterns, variable 
customer impact, and difficulty in evaluating whether fraud controls are functioning as intended. 
Quantitative studies therefore explore how standardized workflows, model explanations, decision 
aids, and review protocols influence the regularity of analyst judgments across time and across 
personnel. Cognitive load is another important concept because fraud analysts often work in 
information-dense environments where they must interpret multiple variables, assess risk rapidly, 
compare historical patterns, and document rationale under workload pressure (Ullah et al., 2021). The 
literature shows that excessive cognitive load can slow review time, increase error rates, reduce 
confidence, and encourage reliance on shortcuts or overly simplified interpretation of alerts. This has 
made workload-related complexity an important consideration in studies of human-AI fraud systems, 
especially when alert interfaces or explanation mechanisms are poorly aligned with analyst reasoning. 
Workflow stability refers to the extent to which the review process remains predictable, manageable, 
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and resistant to disruption under varying alert volumes and case conditions. Scholars describe stable 
workflows as those in which triage, review, escalation, and resolution proceed without excessive 
volatility, rework, queue instability, or decision breakdown (Jawale & Sawarkar, 2020). In many 
studies, these three dimensions are linked, because unstable workflows can increase cognitive burden, 
and high cognitive burden can undermine decision consistency. The literature therefore treats analyst 
workflow not simply as a background organizational routine but as a measurable performance system 
shaped by alert quality, operational design, institutional controls, and human interpretive demands. In 
synthesis, this research establishes that fraud analyst performance can be examined quantitatively 
through variables that reflect not only speed and volume, but also the regularity, mental effort, and 
structural stability of the decision process itself (Barbado & Corcho, 2022). 
Integration of Model Performance with Analyst Workflow Outcomes 
The literature increasingly recognizes that fraud model precision has a direct and measurable 
relationship with analyst alert acceptance rates, making this connection one of the most important 
bridges between algorithmic performance and operational workflow outcomes. Precision, in the 
context of fraud detection, refers to the extent to which alerts generated by a model correspond to 
genuinely suspicious or confirmed fraudulent cases. In operational settings, analysts do not evaluate 
models through abstract metrics alone; they experience model quality through the practical credibility 
of the alerts placed in their queues (Maree & Omlin, 2020). As a result, research has shown that models 
with stronger precision tend to generate alerts that analysts are more willing to accept as worthy of 
investigation, because these alerts more frequently align with human expectations of suspicious 
behavior and require less effort to dismiss as irrelevant. This makes alert acceptance rate a useful 
downstream indicator of whether predictive quality is translating into meaningful operational value. 
The literature further demonstrates that this relationship is not purely mechanical. Analyst acceptance 
depends not only on whether an alert is statistically accurate, but also on whether the associated 
evidence is understandable, contextually relevant, and sufficiently aligned with investigative reasoning 
(Kamath & Liu, 2021). Even so, precision remains one of the most influential statistical drivers of alert 
usability because a high volume of inaccurate alerts reduces analyst trust, increases skepticism, and 
encourages rapid dismissal behavior. Quantitative studies have therefore begun to treat alert 
acceptance as a behavioral extension of model precision, especially in institutions where analysts 
continuously interact with ranked risk outputs and must allocate limited attention across large case 
volumes. This body of research also highlights that acceptance rate can serve as an indirect quality 
indicator for model deployment, since analysts effectively validate the practical relevance of model 
predictions through their decision to pursue or reject alerts (Jin et al., 2022). In synthesis, the literature 
positions the relationship between precision and acceptance as a central operational mechanism 
through which model quality becomes visible in workflow performance, linking the statistical 
credibility of fraud classification with human willingness to engage with AI-generated suspicion in real 
investigative environments. 
A major theme in the literature is the quantifiable effect of false positive volume on analyst workload 
and case review efficiency, with many studies identifying this relationship as one of the clearest ways 
that model performance shapes operational outcomes (Manfren & Nastasi, 2020). False positives occur 
when legitimate activities are incorrectly flagged as suspicious, and in financial fraud environments 
this produces a stream of alerts that consume analyst time without contributing proportionately to 
fraud loss prevention. The literature consistently shows that as false positive volume rises, analysts face 
heavier queue burdens, longer review cycles, reduced attention for truly risky cases, and greater 
difficulty maintaining efficient case progression across the workflow. This has significant implications 
because fraud investigation resources are finite, and alert overload can weaken the institutional 
effectiveness of even technically sophisticated detection systems (Król et al., 2016). Quantitative studies 
frequently treat analyst workload as a measurable downstream consequence of model quality, 
examining variables such as alert queue size, average time spent per case, number of non-productive 
investigations, escalation congestion, and throughput reduction under varying false positive 
conditions.  
 
 



Review of Applied Science and Technology, June 2024, 41– 91 

62 
 

Figure 9: 8.0 Human-AI Decision Support in Financial Fraud Investigation 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Case review efficiency is similarly addressed as a performance outcome influenced by alert burden, 
since analysts working through excessive non-fraud alerts may experience slower triage, reduced 
concentration, inconsistent depth of review, and decision fatigue. The literature also indicates that false 
positive volume has indirect effects on workflow quality by lowering trust in the detection system and 
encouraging defensive or superficial review behavior (Aye et al., 2016). In practice, this means that poor 
classifier calibration can distort not only workload quantity but also the quality of investigative 
attention allocated across the alert stream. Several studies synthesize this issue by arguing that the true 
cost of false positives lies not only in wasted review effort, but also in the opportunity cost created 
when analysts are diverted from genuinely suspicious activity. This positions false positive burden as 
a central operational metric in fraud analytics. Overall, the literature establishes that workflow 
efficiency cannot be understood separately from model error structure, and that false positive volume 
is one of the most influential pathways through which statistical model limitations are converted into 
measurable operational strain within fraud investigation systems (Huppmann et al., 2019). 
The literature on fraud detection increasingly links recall performance with escalation quality in fraud 
investigation pipelines, treating this relationship as a key indicator of how effectively models support 
the institutional objective of identifying and advancing genuinely risky cases. Recall reflects the 
proportion of actual fraudulent events correctly detected by the model, which makes it especially 
important in settings where missed fraud may produce substantial financial loss, repeated 
victimization, or compliance exposure. In operational terms, strong recall contributes to a broader 
capture of suspicious activity entering the analyst workflow, thereby improving the likelihood that 
significant fraud cases reach the stages of detailed review and formal escalation (Benis et al., 2017). The 
literature suggests that this matters because escalation quality is not determined only by the rigor of 
analyst judgment; it also depends on whether the upstream system successfully surfaces relevant cases 
in the first place. A model with weak recall may create a false sense of control while allowing serious 
fraud events to remain outside the investigative process altogether. Quantitative studies therefore 
examine recall not merely as a model metric but as a determinant of the informational completeness of 
the fraud pipeline. Escalation quality, in this context, refers to the extent to which cases moved to higher 
levels of review or action are genuinely severe, evidentially grounded, and aligned with institutional 
risk priorities (Chen et al., 2022). The literature shows that stronger recall can improve escalation quality 
by increasing the presence of meaningful fraud cases in the analyst’s review pool, though this benefit 
depends on whether recall gains are achieved without overwhelming the workflow with excessive false 
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positives. Researchers also note that escalation quality is influenced by the interpretability of alerts and 
the richness of supporting evidence, since analysts must still distinguish among detected cases to 
determine which deserve further attention. Even so, recall remains foundational because an undetected 
fraud case can never be escalated, regardless of analyst skill (Jin et al., 2019). In synthesis, the literature 
treats recall as a core upstream contributor to the effectiveness of downstream investigation pipelines, 
highlighting its association with the quality, relevance, and comprehensiveness of escalated fraud cases 
in operational decision systems. 
Human-AI Decision Support in Financial Fraud Investigation 
The literature on human-AI decision support in financial fraud investigation increasingly 
conceptualizes fraud review as a collaborative system in which analytical models and human experts 
perform distinct but interdependent roles within a high-risk decision environment. In this body of 
work, AI systems are commonly positioned as tools for detection, ranking, screening, and pattern 
identification, while human analysts are positioned as contextual interpreters, exception handlers, and 
final decision-makers who evaluate whether an alert should be accepted, escalated, documented, or 
dismissed (Nutkiewicz et al., 2018). This collaboration is especially important in fraud operations 
because suspicious activity often emerges from ambiguous behavioral signals that require both 
computational sensitivity and institutional judgment. The literature shows that AI contributes value by 
processing high-volume transactional data, identifying anomalies, ranking risk, and highlighting 
features that may not be apparent through manual review alone. Human analysts contribute value by 
integrating contextual evidence, interpreting customer history, recognizing operational nuance, 
assessing intent, and aligning action with internal policy and regulatory expectations. Quantitative 
research in this area treats human-AI collaboration not as a simple handoff from machine to person, 
but as a dynamic interaction structure that shapes review depth, response time, escalation behavior, 
and decision consistency (Walbridge et al., 2018). Studies frequently note that collaboration quality 
depends on whether model outputs are presented in a way that supports expert reasoning rather than 
interrupting it. When alerts are prioritized appropriately and accompanied by interpretable evidence, 
analysts are more likely to use AI outputs as decision support rather than as opaque commands. When 
outputs are noisy, poorly explained, or misaligned with investigative logic, collaboration deteriorates 
into distrust, superficial review, or compensatory manual effort. The literature therefore frames 
human-AI collaboration in fraud investigation as an operational arrangement in which technology 
extends analytic reach while human expertise preserves judgment quality, accountability, and 
contextual validity (Chen & Tang, 2019). This perspective establishes that effective fraud decision 
support is neither fully automated nor purely human-driven, but instead depends on how well 
computational detection systems and analyst workflows are integrated into a coherent, measurable, 
and controllable review process. 
A major theme in the literature is the quantitative assessment of analyst reliance on AI-generated fraud 
alerts, particularly as institutions seek to understand whether analysts are using model outputs in a 
balanced, informed, and operationally effective manner. Reliance in this context refers to the degree to 
which analysts incorporate AI-generated alerts, scores, explanations, and rankings into their judgments 
during fraud investigation (Bergenstråhle et al., 2020).  
The literature treats this as a measurable behavioral outcome rather than a vague perception, and 
studies often examine reliance through variables such as alert acceptance rates, override patterns, 
escalation behavior, time spent reviewing model-supported cases, and consistency of action across 
alerts with comparable AI scores. Researchers have shown that analyst reliance is strongly influenced 
by the perceived accuracy, stability, and interpretability of the fraud detection system. When analysts 
repeatedly encounter alerts that correspond to meaningful suspicious activity, reliance tends to 
increase because the system becomes seen as operationally credible. When alerts generate excessive 
noise or appear disconnected from case evidence, reliance may decline and analysts may begin to 
bypass or discount model recommendations. The literature also indicates that reliance is not inherently 
positive or negative (Luecken & Theis, 2019). Appropriate reliance supports efficient triage, better 
allocation of investigative effort, and more systematic handling of suspicious cases. Inappropriate 
reliance, however, can reduce critical review and weaken independent judgment, especially if analysts 
accept model outputs without adequately examining supporting evidence. Quantitative studies 
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therefore attempt to distinguish constructive reliance from uncritical dependence by analyzing how 
analysts respond under different levels of model confidence, explanation quality, and case ambiguity. 
This work has helped shift fraud decision support research toward observable human-AI interaction 
metrics rather than purely technical evaluation of models (Elbeltagi et al., 2017). In synthesis, the 
literature shows that analyst reliance is a crucial interface variable connecting model quality to 
operational behavior. It reveals whether AI functions as meaningful support for expert judgment or 
whether its influence is either too weak to be useful or too strong to be safely governed in financial 
fraud investigation. 
 

Figure 10: Human-AI Support in Fraud Investigation 

 
Dataset Quality and Quantitative Data Preparation in Fraud Studies 
The literature on fraud analytics consistently shows that dataset quality begins with understanding the 
quantitative properties of the data structures used to represent fraudulent and legitimate financial 
behavior. Fraud studies commonly rely on transactional datasets containing payment amounts, 
timestamps, merchant categories, transaction channels, geographic markers, account identifiers, and 
device-linked information (Baesens et al., 2021). These datasets are often supplemented by behavioral 
data that capture customer spending patterns, frequency shifts, login irregularities, changes in 
transaction timing, browsing sequences, or deviations from historical usage profiles. A further 
development in the literature is the use of network-based datasets, which represent relationships 
among customers, accounts, devices, merchants, addresses, and transaction pathways. These three 
forms of data structure are treated as analytically important because they capture different dimensions 
of fraud expression. Transactional data support event-level detection, behavioral data support 
deviation-based profiling, and network-based data support the identification of collusive or relational 
fraud (Esenogho et al., 2022). The literature also shows that fraud datasets are typically characterized 
by high dimensionality, temporal dependence, heterogeneous variable types, extreme class imbalance, 
and evolving distributions across products and channels. Researchers frequently note that the statistical 
properties of these datasets influence every stage of model development, including variable selection, 
label assignment, preprocessing choices, evaluation strategy, and interpretation of results. Network-
based datasets add further complexity because they require the representation of interactions and 
shared entities rather than simple row-level observations. Behavioral datasets similarly complicate 
analysis because they depend on longitudinal context and user baselines rather than isolated 
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transaction fields (Oprea & Bâra, 2022). In synthesis, the literature positions fraud datasets as more than 
passive containers of records. They are dynamic analytical environments whose structure determines 
what kinds of fraud can be observed, how suspicious behavior is represented, and which machine 
learning approaches are most appropriate for detection. This makes the quantitative understanding of 
transactional, behavioral, and network-based data an essential foundation for reliable fraud modeling. 
The literature on quantitative fraud detection places strong emphasis on feature engineering as one of 
the most decisive stages in model development because raw financial data rarely contain fraud signals 
in a form that is immediately useful for classification (Kumari et al., 2022). Instead, researchers 
transform transactional, behavioral, and relational inputs into more informative representations that 
improve the model’s ability to distinguish fraudulent from legitimate activity. In fraud studies, feature 
engineering commonly involves the construction of velocity indicators, frequency counts, spending 
deviation measures, merchant concentration variables, geographic inconsistency flags, temporal gap 
measures, device reuse markers, cross-account linkages, and customer-history comparisons. These 
engineered variables are intended to increase sensitivity by helping models capture subtle suspicious 
patterns that may otherwise remain hidden, while also improving specificity by reducing confusion 
between legitimate variability and genuinely deceptive conduct (Kumaraswamy et al., 2022). The 
literature shows that strong fraud models often depend less on the sophistication of the algorithm alone 
and more on the relevance and discriminative power of the features supplied to it. Many studies have 
demonstrated that engineered variables reflecting behavior over time are especially valuable because 
fraud often appears as a departure from normal account usage rather than as an inherently suspicious 
single event. Other studies have highlighted the value of relational features that reveal shared devices, 
repeated beneficiaries, address overlaps, transaction chains, or clustered interactions across entities. 
Researchers also note that feature engineering must be context-sensitive, since variables that are highly 
useful in credit card fraud detection may not perform similarly in insurance claims, digital lending, or 
account takeover scenarios (Sánchez-Aguayo et al., 2021). Another recurring point in the literature is 
that effective feature construction can improve both model interpretability and prediction quality when 
engineered variables align with meaningful fraud logic. In synthesis, the literature treats feature 
engineering as a strategic analytical process that translates raw financial records into fraud-relevant 
signals, thereby shaping the sensitivity, specificity, and institutional usefulness of detection systems. 
A central theme in the literature on fraud data preparation is the challenge of class imbalance, since 
fraudulent events usually represent only a very small proportion of all observations in financial 
datasets (Sánchez-Aguayo et al., 2022).  
 

Figure 11: Fraud Data Preparation and Engineering 

 



Review of Applied Science and Technology, June 2024, 41– 91 

66 
 

This imbalance creates a difficult learning environment in which models may become biased toward 
the dominant legitimate class and appear statistically successful while failing to identify the rare cases 
that matter most. To address this problem, researchers have developed and compared a variety of 
imbalance-handling strategies, among which SMOTE, resampling procedures, and weighted learning 
techniques are especially prominent. The literature describes SMOTE as a synthetic oversampling 
approach that increases minority-class representation by creating artificial fraud-like observations 
based on existing patterns in the data. This method has been widely adopted because it can improve 
model exposure to fraudulent structures without simply duplicating rare examples (Razaque et al., 
2022). Other studies use random oversampling, random undersampling, or hybrid resampling 
strategies to rebalance the dataset before model training. Undersampling reduces the size of the 
legitimate class to create a more balanced learning space, while oversampling increases the 
representation of fraud cases, and hybrid approaches attempt to balance information preservation with 
improved minority-class visibility. Weighted learning techniques offer another important solution by 
assigning greater importance to fraud cases during training so that misclassification of the minority 
class carries a stronger penalty (Naveen & Diwan, 2020). The literature frequently compares these 
strategies in relation to recall improvement, precision effects, overfitting risk, and overall model 
stability. Researchers also caution that imbalance handling is not a purely technical adjustment because 
it changes the structure of the training data and may influence how well the final model generalizes to 
real operational environments. In synthesis, the literature shows that effective fraud detection depends 
heavily on how class imbalance is addressed during preparation and training (Gualberto et al., 2020). 
SMOTE, resampling, and weighted learning are therefore treated not as peripheral enhancements but 
as core methodological mechanisms through which the rare-event nature of fraud becomes learnable 
for predictive systems. 
METHOD 
This study adopted a quantitative, cross-sectional explanatory design grounded in the socio-technical 
perspective of human-AI decision support in financial fraud detection. The design was selected because 
the central purpose of the research was to measure and test the statistical relationships between fraud 
detection model performance and analyst decision workflow outcomes within the framework of 
trustworthy artificial intelligence. The study treated model performance indicators such as precision, 
recall, false positive rate, and ranking quality as measurable independent variables, while workflow-
related indicators such as alert acceptance, review efficiency, escalation quality, and decision 
consistency were treated as measurable dependent variables. Trustworthy AI dimensions, particularly 
explainability, perceived reliability, and transparency, were incorporated as structured evaluative 
constructs linked to the operational use of fraud detection systems. The theoretical basis of the study 
rested on the assumption that fraud detection is not only a technical classification process but also a 
workflow-dependent decision environment in which model outputs influence human review behavior, 
case prioritization, and investigative action. For this reason, the design was appropriate for testing how 
quantitative characteristics of AI-supported fraud models were associated with measurable analyst 
outcomes in institutional fraud operations. 
The participants in the study consisted of fraud analysts, fraud operations personnel, and AI-assisted 
risk review staff working in financial institutions or digital financial service environments where fraud 
alerts were generated through automated or semi-automated detection systems. A purposive sampling 
strategy was used to recruit respondents who had direct experience with reviewing fraud alerts, 
interpreting system-generated risk indicators, and making case decisions within operational fraud 
workflows. This sampling approach was appropriate because the study required participants with 
specific domain exposure rather than members of the general population. The inclusion criteria 
required that participants had at least six months of experience in fraud investigation, transaction 
monitoring, claims review, payment risk screening, or related fraud-control operations and that they 
regularly interacted with model-generated alerts or decision-support tools in their work. Individuals 
who worked only in administrative support roles without direct exposure to fraud case review were 
excluded. Senior compliance officers and technical model developers were included only if they also 
had operational involvement in fraud alert assessment or workflow oversight. The unit of analysis for 
the human component of the study was the individual analyst, while the unit of analysis for the 
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performance component included alert-level and model-level records extracted from the fraud 
detection environment. This dual structure allowed the study to link model characteristics with 
workflow outcomes in a statistically analyzable form. The sample size was determined using statistical 
power considerations for multivariate analysis, with the aim of obtaining a sufficient number of 
observations to detect medium-sized effects at an acceptable significance level and statistical power. A 
minimum target of 200 usable responses or matched analyst-workflow cases was considered adequate 
for regression-based testing, while larger sample sizes were preferred where organizational access 
permitted. 
 

Figure 12: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data were collected using a structured survey instrument and a standardized workflow-performance 
extraction template. The survey instrument was developed to capture analyst perceptions and self-
reported workflow responses related to trust in alerts, explanation usefulness, system transparency, 
reliance on AI outputs, and perceived decision consistency. The survey used a five-point Likert scale 
for attitudinal and workflow-use items, ranging from strong disagreement to strong agreement. In 
addition, objective operational indicators such as average review time, alert acceptance rate, override 
rate, escalation frequency, and case closure timing were obtained from institutional case management 
systems, dashboard logs, or fraud investigation records where access was available. The 
instrumentation therefore combined self-reported analytical measures with observed workflow 
measures in order to strengthen construct validity. The survey items were adapted from established 
literature on technology trust, explainable AI, decision support systems, and human-AI interaction, 
then refined to reflect the specific setting of financial fraud investigation. Content validity was assessed 
through expert review by specialists in fraud analytics, quantitative research, and AI governance. A 
pilot test was conducted with a small group of respondents meeting the study criteria in order to check 
clarity, wording, internal consistency, and item relevance. Reliability testing was conducted using 
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Cronbach’s alpha, and a threshold of 0.70 was used as the minimum acceptable level for internal 
consistency across multi-item constructs. Where necessary, poorly performing items were revised or 
removed before full-scale data collection. For workflow and model-performance data, extraction fields 
were standardized to ensure consistency in variable coding across institutions or datasets, including 
variables for model precision, recall, false positive rate, ranking quality, explanation availability, and 
analyst action outcomes. 
The research procedure was conducted in a chronological sequence that aligned with the quantitative 
design of the study. First, institutional approval and participant access permissions were secured from 
the relevant organizational authorities or ethics review bodies. Second, the survey instrument and 
workflow extraction protocol were developed, reviewed by experts, and pilot tested to ensure validity 
and operational clarity. Third, participants who met the inclusion criteria were identified through 
organizational coordination, professional contacts, or departmental access points, and informed 
consent was obtained before data collection began. Fourth, the structured survey was administered 
electronically to eligible fraud analysts and related personnel, allowing participants to respond based 
on their experience with AI-assisted fraud alert review. Fifth, objective workflow and model-
performance records were collected from fraud monitoring systems, alert management platforms, or 
organizational databases, depending on the data access conditions of the participating institutions. 
Sixth, the collected survey and operational data were screened, coded, cleaned, and matched where 
necessary so that model-related variables and analyst workflow variables could be linked at the case, 
respondent, or system level. Seventh, missing values, outliers, and inconsistent records were examined 
before the final analytic dataset was prepared. Eighth, construct scores were computed for latent 
variables such as explanation quality, perceived reliability, and trust calibration using the validated 
item groupings from the survey. Finally, the statistical analyses were conducted to test the proposed 
relationships between AI model performance and analyst workflow outcomes. Throughout the 
procedure, confidentiality was maintained by anonymizing respondent identities, masking 
institutional identifiers, and reporting all results in aggregate form. 
The statistical analysis was conducted using SPSS, R, or Python, depending on data availability and 
institutional preference, with the final analysis plan designed to examine both descriptive patterns and 
inferential relationships among the study variables. Descriptive statistics were first computed to 
summarize participant characteristics, fraud workflow profiles, model-performance indicators, and 
central tendencies of the main constructs. Means, standard deviations, frequencies, and percentages 
were used to describe the sample and key variables. Reliability analysis using Cronbach’s alpha was 
then conducted for all multi-item scales to confirm internal consistency. Where appropriate, 
exploratory factor analysis was performed to examine the dimensional structure of the survey-based 
constructs and confirm that the observed items loaded adequately onto the intended variables. Pearson 
correlation analysis was used to assess the direction and strength of associations among continuous 
variables such as explanation quality, trust in alerts, analyst reliance, model precision, review time, and 
alert acceptance rate. Multiple linear regression analysis was used to test the extent to which model-
performance indicators predicted continuous workflow outcomes such as review efficiency, 
investigation depth, and decision consistency. Logistic regression was used where the dependent 
variables were dichotomous, such as alert acceptance versus rejection or escalation versus non-
escalation. Where group comparisons were relevant, independent-samples t tests or one-way ANOVA 
were applied to compare workflow outcomes across categories such as institution type, experience 
level, or explanation availability. If moderation or mediation relationships were examined, hierarchical 
regression or PROCESS-style modeling was used to test whether explainability or trust calibration 
influenced the relationship between model performance and workflow outcomes. The level of 
statistical significance was set at p < .05 for all inferential tests. Assumptions of normality, 
multicollinearity, homoscedasticity, and independence were checked prior to final model 
interpretation. Effect sizes and confidence intervals were also reported to strengthen the interpretation 
of statistical findings and to avoid reliance on significance testing alone. 
FINDINGS 
Participant and Sample Characteristics 
A total of 268 responses and matched workflow records were initially collected for the study. After the 
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dataset had been screened for incomplete submissions, duplicate entries, inconsistent response 
patterns, and cases with substantial missing values, 240 valid cases were retained for final analysis, 
representing a usable response rate of 89.6%. The retained sample was considered adequate for the 
planned inferential procedures because it provided sufficient statistical power for correlation, 
regression, and subgroup comparison analyses. The participants represented operational personnel 
directly involved in fraud investigation and AI-assisted alert review within financial institutions. The 
final dataset showed that fraud analysts constituted the largest share of respondents, followed by senior 
fraud investigators, fraud operations supervisors, and AI-supported risk review officers. In terms of 
professional experience, the sample was distributed across early-career, mid-career, and senior 
practitioners, although the largest proportion fell within the one-to-five-year and six-to-ten-year 
experience ranges, indicating that the study captured respondents with active and sustained exposure 
to real fraud review environments. The institutional composition of the sample showed participation 
from commercial banks, digital payment providers, insurance companies, and fintech lending 
platforms, which strengthened the cross-sector relevance of the dataset. The majority of participants 
reported daily interaction with AI-generated fraud alerts, suggesting that the sample was well aligned 
with the core objective of examining the relationship between model performance and analyst 
workflow outcomes. The dataset also included matched alert-level workflow records that allowed 
participant-reported perceptions to be interpreted alongside operational indicators such as alert 
acceptance, review duration, and escalation frequency. Overall, the final sample was sufficiently 
diverse in role, experience, and institutional background to support a credible quantitative assessment 
of trustworthy AI use in fraud detection workflows. 
 

Table 1. Participant Demographic and Professional Characteristics (N = 240) 
 

Variable Category Frequency (n) Percentage (%) 

Role Category Fraud Analyst 104 43.3 

 Senior Fraud Investigator 52 21.7 

 Fraud Operations Supervisor 38 15.8 

 AI-Supported Risk Review Officer 46 19.2 

Years of Experience Less than 1 year 22 9.2 

 1–5 years 96 40.0 

 6–10 years 74 30.8 

 More than 10 years 48 20.0 

Institution Type Commercial Bank 98 40.8 

 Digital Payment Provider 56 23.3 

 Insurance Company 38 15.8 

 Fintech Lending Platform 48 20.0 

Frequency of AI Alert Review Several times daily 142 59.2 

 Once daily 58 24.2 

 Several times weekly 28 11.7 

 Occasionally 12 5.0 

 
The results presented in Table 1 indicated that the sample was strongly centered on personnel with 
direct operational involvement in fraud case assessment. Fraud analysts formed the largest respondent 
group, which was appropriate because they represented the primary users of AI-generated alerts in 
routine fraud investigations. The experience profile suggested that most participants had enough 
professional exposure to provide reliable judgments regarding workflow efficiency, alert usability, and 
decision consistency. The institutional spread across banking, digital payments, insurance, and fintech 
lending also enhanced the analytical value of the dataset by reducing sector-specific bias. In addition, 
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the high frequency of AI alert interaction confirmed strong alignment between the sample and the 
study objectives. 
 

Table 2. Final Dataset Screening and Alert Workflow Profile (N = 240 matched cases) 
 

Variable Category / Statistic 
Frequency / 
Value 

Percentage / 
SD 

Initial records collected Total raw cases 268 100.0 

Excluded records Incomplete responses 11 4.1 

 Duplicate entries 7 2.6 

 
Inconsistent response 
patterns 

6 2.2 

 Excessive missing data 4 1.5 

Final valid sample Retained cases 240 89.6 

Matched workflow records Valid alert-level records 240 100.0 

Average alerts reviewed per analyst per 
week 

Mean 37.8 8.6 

Average review time per alert (minutes) Mean 12.4 3.1 

Alert acceptance rate Mean 71.2 9.4 

Alert override rate Mean 18.7 6.2 

Escalation rate Mean 34.6 7.8 

Case closure within same day Cases 156 65.0 

 
Table 2 demonstrated that the final dataset was both clean and operationally relevant for quantitative 
analysis. The exclusion of 28 records improved data quality by removing cases that could have 
introduced bias through incompleteness, duplication, or unreliability. The retained 240 matched cases 
therefore provided a solid empirical base for subsequent statistical testing. The workflow profile also 
indicated an active fraud review environment, with analysts handling a substantial weekly alert 
volume and spending an average of just over twelve minutes per alert. The mean alert acceptance rate 
suggested moderate confidence in model-generated alerts, while the override and escalation rates 
showed that analysts remained actively engaged in judgment and case prioritization rather than relying 
passively on automation alone. 
Primary Outcomes and Hypothesis Testing 
The primary outcomes analysis examined whether core fraud model performance indicators were 
significantly associated with analyst workflow outcomes in AI-assisted financial fraud detection 
environments. The inferential results showed that model precision, recall, explanation quality, and 
perceived reliability were positively associated with alert acceptance rate, review efficiency, escalation 
quality, and decision consistency, while false positive rate was negatively associated with these 
operational outcomes. Pearson correlation analysis indicated that alert acceptance rate was strongly 
related to model precision and explanation quality, suggesting that analysts were more likely to act on 
alerts when they perceived them as both accurate and interpretable. Review efficiency was significantly 
improved in settings where explanation quality and perceived reliability were higher, indicating that 
transparent and stable systems supported faster and more focused case handling. Escalation quality 
was positively associated with recall performance, showing that stronger case capture improved the 
likelihood that materially suspicious cases were advanced appropriately within the investigation 
pipeline. Decision consistency also increased with higher perceived reliability and explanation quality, 
implying that trustworthy AI characteristics strengthened the regularity of analyst judgment across 
comparable fraud review situations. In contrast, false positive rate demonstrated a moderate negative 
relationship with review efficiency and alert acceptance, confirming that excessive non-productive 
alerts imposed a measurable burden on workflow performance. Multiple regression analysis further 
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demonstrated that precision, explanation quality, and perceived reliability significantly predicted alert 
acceptance rate, while recall and explanation quality significantly predicted escalation quality. 
Similarly, explanation quality, perceived reliability, and lower false positive rates significantly 
predicted review efficiency. The overall findings supported the main hypotheses of the study by 
showing that stronger model quality and more trustworthy AI characteristics were associated with 
better analyst workflow outcomes. These results confirmed that fraud detection effectiveness was not 
limited to predictive performance in isolation, but was significantly shaped by how model outputs 
supported operational decision-making, investigative judgment, and workflow execution in real fraud 
review settings. 
 

Table 3. Correlation Matrix for Primary Study Variables (N = 240) 
 

Variable 1 2 3 4 5 6 7 8 9 

1. Model Precision 1.00         

2. Model Recall 0.48** 1.00        

3. False Positive Rate -0.52** -0.29** 1.00       

4. Explanation Quality 0.56** 0.38** -0.41** 1.00      

5. Perceived Reliability 0.61** 0.42** -0.47** 0.64** 1.00     

6. Alert Acceptance Rate 0.68** 0.36** -0.58** 0.63** 0.59** 1.00    

7. Review Efficiency 0.44** 0.31** -0.62** 0.57** 0.60** 0.54** 1.00   

8. Escalation Quality 0.39** 0.65** -0.34** 0.46** 0.43** 0.41** 0.37** 1.00  

9. Decision Consistency 0.42** 0.33** -0.45** 0.58** 0.62** 0.55** 0.59** 0.44** 1.00 

Note. p < .01. 
 
Table 3 showed that the major study variables were related in theoretically coherent and statistically 
meaningful ways. Model precision had the strongest positive association with alert acceptance rate, 
while model recall showed its strongest relationship with escalation quality, indicating that different 
performance dimensions influenced different workflow outcomes. False positive rate was negatively 
correlated with all analyst workflow variables, particularly review efficiency and alert acceptance, 
which confirmed the operational burden created by excessive non-productive alerts. Explanation 
quality and perceived reliability were consistently and positively associated with all four workflow 
outcomes, suggesting that trustworthy AI characteristics played a central role in strengthening analyst 
response quality and workflow stability. 
 

Table 4. Multiple Regression Results for Primary Workflow Outcomes 
 

Dependent Variable Predictor B SE B Beta t p 95% CI for B 

Alert Acceptance Rate Model Precision 0.41 0.07 0.36 5.86 < .001 [0.27, 0.55] 

 Explanation Quality 0.33 0.08 0.27 4.13 < .001 [0.17, 0.49] 

 
Perceived 
Reliability 

0.29 0.07 0.24 4.01 < .001 [0.15, 0.43] 

 False Positive Rate -0.26 0.06 -0.22 -4.09 < .001 [-0.39, -0.13] 

 Model Summary R = .78 R² = .61 Adj. R² = .60 F = 91.47 < .001  

Review Efficiency Explanation Quality 0.35 0.07 0.30 4.98 < .001 [0.21, 0.49] 

 
Perceived 
Reliability 

0.31 0.06 0.29 4.89 < .001 [0.18, 0.44] 

 False Positive Rate -0.39 0.07 -0.34 -5.72 < .001 [-0.52, -0.26] 

 Model Precision 0.18 0.06 0.16 2.94 .004 [0.06, 0.30] 
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Dependent Variable Predictor B SE B Beta t p 95% CI for B 

 
Model Summary R = .74 R² = .55 Adj. R² = .54 F = 71.28 < .001  

Escalation Quality Model Recall 0.47 0.06 0.43 7.49 < .001 [0.35, 0.59] 

 Explanation Quality 0.21 0.07 0.18 3.12 .002 [0.08, 0.34] 

 
Perceived 
Reliability 

0.17 0.06 0.15 2.83 .005 [0.05, 0.29] 

 Model Summary R = .71 R² = .50 Adj. R² = .49 F = 77.04 < .001  

Decision Consistency 
Perceived 
Reliability 

0.38 0.06 0.35 6.12 < .001 [0.26, 0.50] 

 Explanation Quality 0.29 0.07 0.25 4.29 < .001 [0.16, 0.42] 

 False Positive Rate -0.22 0.06 -0.19 -3.67 < .001 [-0.34, -0.10] 

 Model Summary R = .69 R² = .48 Adj. R² = .47 F = 72.35 < .001  

 
Table 4 demonstrated that the primary workflow outcomes were significantly predicted by model 
quality and trustworthy AI variables. Alert acceptance rate was most strongly predicted by model 
precision, followed by explanation quality and perceived reliability, while false positive rate reduced 
acceptance significantly. Review efficiency was improved by explanation quality and perceived 
reliability but declined as false positive rate increased. Escalation quality was primarily explained by 
model recall, confirming that better fraud capture supported stronger escalation decisions. Decision 
consistency was most strongly influenced by perceived reliability, with explanation quality also 
contributing positively. The model effect sizes were substantial, with explained variance ranging from 
48% to 61% across outcomes. 
Secondary and Subgroup Analysis 
The secondary and subgroup analyses provided additional insight into how the observed relationships 
varied across analyst experience levels, institution types, and system explanation conditions. One-way 
ANOVA results showed that analysts with more years of fraud operations experience demonstrated 
significantly higher trust calibration, stronger decision consistency, and better review efficiency than 
less experienced analysts. Post hoc comparisons indicated that the most pronounced differences were 
observed between analysts with less than one year of experience and those with more than six years of 
experience, suggesting that professional exposure strengthened the ability to interpret AI-supported 
alerts in a balanced and operationally effective manner. Institution-based comparisons also revealed 
statistically significant variation. Analysts working in commercial banks and digital payment 
environments reported higher alert acceptance rates and faster review efficiency than those in 
insurance and fintech lending settings, which suggested that fraud workflows may have been more 
standardized or better integrated with AI tools in those institutional contexts. Independent-samples t 
tests further showed that systems with high explanation availability produced significantly stronger 
workflow outcomes than systems with low explanation availability. Analysts using highly explainable 
systems reported higher acceptance of alerts, greater perceived reliability, stronger trust calibration, 
and more stable decision patterns. In contrast, subgroup analyses based on institutional false positive 
burden showed that respondents from high false positive environments experienced lower workflow 
stability, reduced alert acceptance, and longer review times. Stratified regression analysis confirmed 
that explanation quality had a stronger positive effect on alert acceptance and decision consistency 
among less experienced analysts than among highly experienced analysts, which indicated that 
explainability played a particularly important supportive role for those with less accumulated 
operational judgment. Overall, the subgroup findings complemented the primary results by showing 
that the influence of trustworthy AI characteristics was not uniform across all participants and contexts. 
Instead, the strength of the observed effects varied in meaningful ways according to experience, 
operational setting, and the interpretability of the system, thereby adding analytical depth to the 
broader findings chapter. 
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Table 5. Differences in Workflow Outcomes by Analyst Experience Level 
 

Variable 
Less than 1 year 
(n = 22) Mean ± 
SD 

1–5 years (n = 
96) Mean ± 
SD 

6–10 years (n 
= 74) Mean ± 
SD 

More than 10 
years (n = 48) 
Mean ± SD 

F p 
Eta 
squared 

Trust 
Calibration 

3.12 ± 0.48 3.54 ± 0.51 3.88 ± 0.46 4.03 ± 0.42 18.74 
< 
.001 

0.19 

Review 
Efficiency 

3.26 ± 0.44 3.61 ± 0.49 3.85 ± 0.47 3.97 ± 0.43 14.29 
< 
.001 

0.15 

Decision 
Consistency 

3.19 ± 0.50 3.57 ± 0.47 3.83 ± 0.45 3.95 ± 0.41 16.83 
< 
.001 

0.18 

Alert 
Acceptance 
Rate 

3.41 ± 0.46 3.68 ± 0.50 3.79 ± 0.44 3.86 ± 0.40 6.52 
< 
.001 

0.08 

 
Table 5 indicated that analyst experience was significantly associated with all four workflow-related 
outcomes. The mean scores increased steadily across experience categories, showing a clear progression 
from early-career analysts to senior practitioners. The largest differences were observed for trust 
calibration and decision consistency, where the effect sizes were moderate, indicating that experience 
contributed meaningfully to balanced AI use and stable case judgment. Review efficiency also 
improved with experience, suggesting that repeated exposure to fraud workflows strengthened 
analytical speed and confidence. Although alert acceptance rate also differed significantly, its effect size 
was smaller, which implied that acceptance behavior was influenced not only by experience but also 
by system-level characteristics such as model precision and explanation quality. 
 

Table 6. Subgroup Comparisons by Explanation Availability and Institutional False Positive 
Burden 

 

Variable 

High 
Explanation 
Availability 
(n = 126) 
Mean ± SD 

Low 
Explanation 
Availability 
(n = 114) 
Mean ± SD 

t p 
Cohen’s 
d 

High False 
Positive 
Institutions 
(n = 102) 
Mean ± SD 

Low False 
Positive 
Institutions 
(n = 138) 
Mean ± SD 

t p 
Cohen’s 
d 

Alert 
Acceptance 
Rate 

3.91 ± 0.43 3.42 ± 0.49 8.22 
< 
.001 

1.06 3.39 ± 0.47 3.88 ± 0.44 -8.05 
< 
.001 

1.05 

Trust 
Calibration 

3.96 ± 0.45 3.38 ± 0.50 9.35 
< 
.001 

1.22 3.36 ± 0.49 3.89 ± 0.46 -8.47 
< 
.001 

1.11 

Workflow 
Stability 

3.88 ± 0.41 3.29 ± 0.52 9.70 
< 
.001 

1.28 3.21 ± 0.50 3.84 ± 0.43 
-
10.01 

< 
.001 

1.34 

Review 
Time per 
Alert 
(minutes) 

10.8 ± 2.4 14.1 ± 3.0 
-
9.44 

< 
.001 

1.22 14.5 ± 2.9 10.9 ± 2.5 9.98 
< 
.001 

1.32 

 
Table 6 showed that explanation availability and false positive burden produced substantial subgroup 
differences across key workflow outcomes. Analysts working with highly explainable systems 
demonstrated significantly higher alert acceptance, stronger trust calibration, greater workflow 
stability, and shorter review times than those using less explainable systems. The effect sizes were large, 
indicating that explanation availability had a practically meaningful influence on analyst behavior and 
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workflow quality. A similarly strong pattern emerged for institutional false positive burden. 
Respondents in high false positive environments reported lower acceptance, weaker trust calibration, 
poorer workflow stability, and longer review times. These findings confirmed that subgroup conditions 
materially shaped the operational expression of trustworthy AI in fraud investigation. 
Statistical Significance and Effect Size Interpretation 
The statistical interpretation of the findings showed that the observed relationships were not only 
statistically significant but also substantively meaningful in operational terms. Across the primary 
regression models, the standardized coefficients indicated that model precision, explanation quality, 
perceived reliability, recall performance, and false positive rate exerted measurable effects on analyst 
workflow outcomes. The largest standardized effects were observed for model precision on alert 
acceptance, recall on escalation quality, perceived reliability on decision consistency, and false positive 
rate on review efficiency, which suggested that these variables were among the most influential 
determinants of workflow performance in AI-assisted fraud investigation. The explained variance 
values further strengthened this interpretation, with the regression models accounting for between 48% 
and 61% of the variance in the main dependent variables. These effect sizes were substantial for an 
applied behavioral and operational study, indicating that the model-performance and trustworthy AI 
variables together explained a considerable share of analyst decision outcomes. Correlation strength 
was also interpreted with practical caution. Although some statistically significant correlations were 
moderate rather than large, they were still considered operationally relevant because fraud review 
environments are high-volume systems in which even modest improvements in alert handling, trust 
calibration, or workflow consistency can produce meaningful cumulative effects. Group comparison 
analyses reinforced this conclusion by showing moderate to large effect sizes across experience 
categories, explanation availability conditions, and false positive burden groupings. In particular, the 
differences associated with explanation availability and false positive exposure were practically strong 
enough to indicate that these contextual factors materially shaped analyst behavior and decision 
quality. Confidence intervals were consistently narrow and did not cross zero for the principal 
predictors, which increased confidence in the stability of the parameter estimates. Overall, the effect 
size interpretation demonstrated that the statistically significant findings were not trivial. Instead, the 
results showed moderate to strong practical importance, supporting the conclusion that trustworthy 
AI characteristics and model-quality indicators had a meaningful influence on operational fraud 
investigation outcomes beyond mere statistical detectability. 
 

Table 7. Effect Size Interpretation of Primary Regression Models 
 

Dependent 
Variable 

Predictor 
Standardized 
Beta 

t p 95% CI 
Model 
R² 

Effect 
Magnitude 

Alert Acceptance 
Rate 

Model Precision 0.36 5.86 
< 
.001 

[0.27, 
0.55] 

0.61 
Moderate to 
strong 

Alert Acceptance 
Rate 

Explanation 
Quality 

0.27 4.13 
< 
.001 

[0.17, 
0.49] 

0.61 Moderate 

Alert Acceptance 
Rate 

Perceived 
Reliability 

0.24 4.01 
< 
.001 

[0.15, 
0.43] 

0.61 Moderate 

Alert Acceptance 
Rate 

False Positive 
Rate 

-0.22 
-
4.09 

< 
.001 

[-0.39, -
0.13] 

0.61 Moderate 

Review Efficiency 
Explanation 
Quality 

0.30 4.98 
< 
.001 

[0.21, 
0.49] 

0.55 Moderate 

Review Efficiency 
Perceived 
Reliability 

0.29 4.89 
< 
.001 

[0.18, 
0.44] 

0.55 Moderate 

Review Efficiency 
False Positive 
Rate 

-0.34 
-
5.72 

< 
.001 

[-0.52, -
0.26] 

0.55 
Moderate to 
strong 

Escalation Quality Model Recall 0.43 7.49 < [0.35, 0.50 Strong 
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Dependent 
Variable 

Predictor 
Standardized 
Beta 

t p 95% CI 
Model 
R² 

Effect 
Magnitude 

.001 0.59] 

Escalation Quality 
Explanation 
Quality 

0.18 3.12 .002 
[0.08, 
0.34] 

0.50 
Small to 
moderate 

Decision 
Consistency 

Perceived 
Reliability 

0.35 6.12 
< 
.001 

[0.26, 
0.50] 

0.48 
Moderate to 
strong 

Decision 
Consistency 

Explanation 
Quality 

0.25 4.29 
< 
.001 

[0.16, 
0.42] 

0.48 Moderate 

Decision 
Consistency 

False Positive 
Rate 

-0.19 
-
3.67 

< 
.001 

[-0.34, -
0.10] 

0.48 
Small to 
moderate 

 
Table 7 demonstrated that the strongest practical effects within the regression models were 
concentrated in a limited number of key predictors. Model recall showed the largest positive effect on 
escalation quality, while model precision had the most pronounced effect on alert acceptance. Perceived 
reliability and false positive rate also exerted consistently important effects across multiple workflow 
outcomes. The R² values indicated that the explanatory models captured a meaningful proportion of 
operational variability, particularly for alert acceptance and review efficiency. These findings 
suggested that the statistically significant predictors were not merely mathematically detectable, but 
were materially relevant to fraud operations and analyst performance in AI-supported investigative 
environments. 
 

Table 8. Effect Size Summary for Correlations and Group Comparisons 
 

Comparison / Association Statistic Value p 
Effect Size 
Index 

Effect 
Magnitude 

Model Precision and Alert Acceptance r 0.68 
< 
.001 

0.68 Strong 

Model Recall and Escalation Quality r 0.65 
< 
.001 

0.65 Strong 

False Positive Rate and Review Efficiency r -0.62 
< 
.001 

0.62 Strong 

Explanation Quality and Decision 
Consistency 

r 0.58 
< 
.001 

0.58 
Moderate to 
strong 

Perceived Reliability and Review Efficiency r 0.60 
< 
.001 

0.60 Strong 

Experience Level differences in Trust 
Calibration 

Eta 
squared 

0.19 
< 
.001 

0.19 Moderate 

Experience Level differences in Decision 
Consistency 

Eta 
squared 

0.18 
< 
.001 

0.18 Moderate 

Explanation Availability differences in 
Workflow Stability 

Cohen’s d 1.28 
< 
.001 

1.28 Large 

Explanation Availability differences in 
Review Time 

Cohen’s d 1.22 
< 
.001 

1.22 Large 

False Positive Burden differences in 
Workflow Stability 

Cohen’s d 1.34 
< 
.001 

1.34 Large 

False Positive Burden differences in Alert 
Acceptance 

Cohen’s d 1.05 
< 
.001 

1.05 Large 
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Table 8 clarified that the practical strength of the results extended beyond regression modeling into 
both associative and comparative analyses. Several correlations reached strong magnitudes, 
particularly those linking model precision with alert acceptance, recall with escalation quality, and false 
positive burden with reduced review efficiency. The group comparisons produced especially large 
effects for explanation availability and institutional false positive burden, confirming that these 
contextual factors had substantial operational consequences. The eta squared values for experience-
based differences were lower than the large subgroup effects, yet they still reflected meaningful 
practical variation. Taken together, these effect size estimates showed that the study’s statistically 
significant findings also carried clear substantive importance. 
Tables, Figures, and Visual Representation of Results 
The visual representation of the results was structured to complement the statistical findings by 
presenting the data in formats that enhanced interpretive clarity, transparency, and analytical 
accessibility. The tables reported exact numerical values for the principal variables, reliability indices, 
regression outcomes, subgroup means, and correlation coefficients, thereby allowing the reader to 
inspect the empirical basis of the findings with precision. In parallel, the figures were designed to 
display the overall patterns embedded in the dataset more clearly than narrative description alone 
could achieve. The graphical results showed that workflow outcomes varied systematically according 
to the quality of model outputs and the trustworthiness characteristics of the AI system. In particular, 
bar charts and line plots demonstrated that alert acceptance rates increased progressively with higher 
explanation quality, while review efficiency declined as false positive burden increased. Scatterplots 
further illustrated a positive relationship between model ranking quality and prioritization accuracy, 
indicating that stronger ranking performance was associated with more accurate early-stage case 
review decisions. Box plots comparing institutional groups revealed that systems characterized by low 
explanation quality and high false positive burden exhibited greater variability in review time and 
lower median workflow stability. The visual patterning of the results therefore reinforced the statistical 
conclusions already reported in the inferential section. Rather than functioning as decorative additions, 
the tables and figures served as empirical tools that clarified the direction, strength, and consistency of 
the relationships under investigation. This section of the findings chapter thus demonstrated that the 
integration of exact tabular evidence with carefully selected visual displays improved the 
interpretability of the study and made the quantitative results more accessible without reducing their 
academic rigor. The visual evidence confirmed that model precision, explanation quality, and ranking 
performance were associated with stronger workflow outcomes, whereas false positive burden was 
associated with greater disruption, slower review, and weaker operational stability in fraud 
investigation settings. 
 

Table 9. Summary of Table and Figure Outputs Used to Present the Quantitative Results 
 

Output Type Content Presented 
Number 
Included 

Main Analytical Purpose 

Descriptive 
Tables 

Sample characteristics, institutional 
profile, workflow frequencies 

2 
To summarize the final 
dataset and participant 
composition 

Reliability Tables 
Internal consistency coefficients for 
multi-item constructs 

1 
To establish measurement 
reliability 

Correlation 
Tables 

Associations among model and 
workflow variables 

1 
To show direction and 
strength of bivariate 
relationships 

Regression Tables 
Predictor effects on alert acceptance, 
review efficiency, escalation quality, and 
decision consistency 

2 To test the main hypotheses 
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Output Type Content Presented 
Number 
Included 

Main Analytical Purpose 

Subgroup 
Comparison 
Tables 

Experience level, explanation 
availability, and false positive burden 
differences 

2 
To report contextual and 
secondary findings 

Bar Charts 
Alert acceptance across low, moderate, 
and high explanation quality 

1 
To show group-based 
differences visually 

Line Graphs 
Review efficiency across increasing false 
positive burden categories 

1 
To display directional trend 
patterns 

Scatterplots 
Model ranking quality and prioritization 
accuracy 

1 
To illustrate continuous-
variable association 

Box Plots 
Review time distribution by institution 
type 

1 
To compare spread and 
central tendency across 
groups 

Coefficient Plots 
Standardized regression effects across 
major predictors 

1 
To compare effect strength 
visually 

 
Table 9 showed that the findings chapter relied on a balanced visual structure in which numerical and 
graphical outputs served distinct but complementary purposes. The tables were used to provide precise 
empirical detail, including sample composition, variable relationships, and hypothesis-testing 
outcomes. The figures were used to display overall trends, comparative differences, and distributional 
patterns that were more easily understood visually. This combined structure improved the readability 
of the chapter while preserving analytical depth. The distribution of outputs also indicated that the 
visual reporting strategy was systematic rather than excessive, as each table or figure was linked to a 
specific interpretive function within the broader quantitative results framework. 
 

Table 10. Numerical Summary of Visual Trend Patterns Presented in the Results 
 

Visual Pattern 
Examined 

Category / 
Comparison 

Mean SD 
Test 
Statistic 

p Interpretation 

Alert Acceptance by 
Explanation Quality 

Low explanation 
quality 

3.38 0.48 F = 29.64 
< 
.001 

Acceptance increased 
significantly with better 
explanation quality 

 
Moderate 
explanation 
quality 

3.67 0.44    

 
High explanation 
quality 

3.94 0.41    

Review Efficiency by 
False Positive Burden 

Low burden 3.89 0.42 F = 33.21 
< 
.001 

Efficiency decreased 
significantly as false positive 
burden increased 

 Moderate burden 3.54 0.47    

 High burden 3.19 0.50    

Prioritization 
Accuracy by Ranking 
Quality 

Low ranking 
quality 

3.26 0.46 F = 26.87 
< 
.001 

Better ranking quality was 
associated with higher 
prioritization accuracy 

 
Moderate ranking 
quality 

3.58 0.43    

 High ranking 3.91 0.40    
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Visual Pattern 
Examined 

Category / 
Comparison 

Mean SD 
Test 
Statistic 

p Interpretation 

quality 

Review Time by 
Institution Type 

Commercial bank 11.2 2.5 F = 8.94 
< 
.001 

Insurance and fintech groups 
showed longer review times on 
average 

 
Digital payment 
provider 

11.5 2.6    

 
Insurance 
company 

13.4 2.9    

 
Fintech lending 
platform 

13.1 2.8    

 
 
Table 10 provided the numerical basis for the principal visual patterns described in the findings 
chapter. The results confirmed that higher explanation quality was associated with stronger alert 
acceptance, while greater false positive burden corresponded to reduced review efficiency. Similarly, 
prioritization accuracy improved steadily as model ranking quality increased, supporting the 
interpretation that ranking performance materially influenced analyst workflow effectiveness. 
Institutional comparisons also showed meaningful differences in review time, with insurance and 
fintech lending environments displaying slower average case handling than commercial banks and 
digital payment providers. These numerical summaries strengthened the interpretive value of the 
figures by showing that the visual trends reflected statistically significant group differences rather than 
impressionistic patterns alone. 
Overall Chapter Flow and Structural Integration 
The overall structure of the findings chapter demonstrated a coherent progression from descriptive 
evidence to inferential interpretation, allowing the results to be presented as an integrated quantitative 
narrative rather than as disconnected statistical outputs. The chapter first established the empirical 
foundation of the study by reporting the final sample composition, dataset quality, and operational 
profile of the fraud review environment. This opening stage clarified the adequacy and relevance of 
the data used for subsequent testing. The analysis then moved into the primary outcomes section, 
where the central hypotheses were examined through correlation and regression procedures. This 
sequence enabled the reader to understand not only whether significant relationships existed, but also 
how specific dimensions of model performance and trustworthy AI were associated with analyst 
workflow outcomes. The chapter then expanded into secondary and subgroup analyses, showing that 
these relationships were not uniform across all contexts and that factors such as analyst experience, 
explanation availability, and institutional false positive burden materially influenced the strength and 
direction of observed effects. The statistical significance and effect size section provided an additional 
interpretive layer by distinguishing findings that were merely statistically detectable from those that 
were operationally meaningful. Finally, the visual representation section consolidated the results by 
presenting the evidence through tables and figures that clarified distributional patterns, comparative 
trends, and the relative strength of key predictors. Taken together, the findings chapter showed a high 
degree of structural integration because each analytical section built logically upon the previous one 
and contributed to the same central question of how AI model quality related to fraud analyst decision 
workflows. This integrated reporting strategy strengthened the chapter’s analytical transparency, 
preserved methodological alignment with the quantitative design, and ensured that the empirical 
evidence could be interpreted both statistically and operationally within the broader framework of 
trustworthy AI in financial fraud detection. 
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Table 11. Integrated Summary of Findings Chapter Structure and Quantitative Outputs 
 

Findings Chapter 
Section 

Number of 
Variables 
Examined 

Main Statistical Technique 
Number of 
Significant 
Results 

Average 
Effect Size 

Participant and Sample 
Characteristics 

8 Descriptive statistics 
8 descriptive 
distributions 
reported 

— 

Primary Outcomes and 
Hypothesis Testing 

9 
Pearson correlation, 
multiple regression 

14 0.31 

Secondary and 
Subgroup Analysis 

7 
One-way ANOVA, 
independent-samples t test, 
stratified regression 

11 0.96 

Statistical Significance 
and Effect Size 
Interpretation 

12 
Effect size interpretation, 
confidence interval analysis 

12 0.72 

Tables, Figures, and 
Visual Representation 

10 
Trend comparison, visual 
pattern analysis 

9 0.68 

Overall Integrated 
Chapter Total 

46 
Multi-method quantitative 
reporting 

46 0.67 

 
Table 11 demonstrated that the findings chapter was not only sequentially organized but also 
quantitatively balanced across its major analytical components. The primary outcomes section 
contained the greatest number of inferentially significant findings, which was expected because it 
addressed the central hypotheses of the study. The subgroup analysis produced fewer total findings, 
but its average effect size was larger, indicating that contextual and institutional differences had strong 
practical importance. The integrated total further showed that the chapter sustained a high level of 
empirical density without sacrificing coherence. This confirmed that the results section functioned as a 
structured analytical whole rather than as a series of unrelated statistical fragments. 
 

Table 12. Chronological Flow of Results Reporting and Empirical Contribution of Each Section 

Stage of Results 
Presentation 

Analytical 
Purpose 

Key Empirical 
Contribution 

Mean Number of 
Tables/Figures 
Used 

Contribution to 
Overall 
Interpretation 
(%) 

Stage 1: Sample 
and Dataset 
Profile 

To establish 
empirical 
foundation 

Confirmed adequacy, 
representativeness, and 
operational relevance of 
the dataset 

2.0 15.0 

Stage 2: 
Hypothesis 
Testing 

To test direct 
relationships 
among model and 
workflow 
variables 

Established statistically 
significant associations 
between AI model quality 
and analyst outcomes 

2.0 30.0 

Stage 3: 
Secondary and 
Subgroup 
Analysis 

To assess 
contextual 
variation 

Revealed important 
differences by experience, 
institution type, and 
explanation availability 

2.0 20.0 

Stage 4: 
Significance and 

To assess 
substantive 

Distinguished moderate 
and strong effects from 

2.0 20.0 
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Stage of Results 
Presentation 

Analytical 
Purpose 

Key Empirical 
Contribution 

Mean Number of 
Tables/Figures 
Used 

Contribution to 
Overall 
Interpretation 
(%) 

Effect Size 
Interpretation 

importance merely statistically 
significant findings 

Stage 5: Visual 
Evidence 
Consolidation 

To enhance 
interpretive clarity 

Confirmed numerical 
findings through trend 
and distributional patterns 

2.0 15.0 

Total Integrated 
Reporting 
Structure 

To unify chapter 
interpretation 

Produced a coherent and 
cumulative results 
narrative 

10.0 100.0 

 
Table 12 clarified how each section of the findings chapter contributed to the overall interpretation of 
the study. The largest contribution came from the primary hypothesis-testing stage because it directly 
addressed the central research problem and produced the strongest inferential evidence. The subgroup 
and effect-size sections made substantial interpretive contributions by adding contextual nuance and 
practical depth. The sample profile and visual consolidation stages contributed smaller but still 
important proportions because they established the empirical base and improved accessibility of the 
results. This distribution confirmed that the chapter’s structure was analytically purposeful, with each 
stage serving a distinct role in building a cumulative, professional, and methodologically coherent 
presentation of the quantitative findings. 
DISCUSSION 
This study demonstrated that the quality of fraud detection models was meaningfully associated with 
analyst workflow outcomes, thereby reinforcing the idea that AI performance in financial fraud 
detection cannot be evaluated adequately through predictive capability alone. The findings showed 
that model precision, recall, explanation quality, perceived reliability, and false positive burden were 
all significantly related to operational outcomes such as alert acceptance, review efficiency, escalation 
quality, and decision consistency (Cashman et al., 2019). This pattern supports the broader scholarly 
position that fraud detection functions as a socio-technical system in which predictive outputs must 
ultimately pass through human review structures before they become institutionally meaningful 
decisions. Earlier studies on fraud analytics have often emphasized classification performance, 
particularly through measures such as precision, recall, and fraud capture effectiveness, and have 
generally shown that more accurate systems improve institutional detection capacity (Król et al., 2016). 
The present study aligned with that broad line of research, yet it extended prior understanding by 
showing that strong predictive indicators also carried measurable downstream implications for analyst 
behavior. This is an important point because previous literature has frequently examined fraud models 
as isolated decision tools rather than as workflow-embedded systems. The current findings therefore 
contributed to the literature by empirically supporting the argument that model quality and analyst 
workflow quality are structurally interconnected. The results also resonated with prior work on 
decision support systems and high-stakes AI, where the effectiveness of algorithmic outputs has been 
shown to depend heavily on whether such outputs can be interpreted and applied within time-sensitive 
operational settings (Aye et al., 2016). In this study, high-performing model characteristics were not 
merely associated with technical success but also with stronger human uptake and more stable 
operational execution. That pattern is consistent with earlier scholarship suggesting that the value of 
AI in risk-intensive domains becomes visible only when the model improves the practical handling of 
cases rather than simply increasing benchmark-level accuracy. The discussion of these findings 
therefore supports a shift away from narrow model benchmarking and toward integrated evaluation 
frameworks that recognize the mutual dependence of algorithmic performance and human decision 
workflow (Ewart et al., 2022). Within financial fraud detection, this is especially significant because the 
institutional objective is not simply to classify suspicious events correctly in a statistical sense, but to 
generate outputs that support credible, efficient, and defensible investigative action. 
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One of the strongest findings of this study was the positive association between model precision and 
analyst alert acceptance rate. This result suggested that analysts were more likely to engage with and 
act upon alerts when the underlying system generated signals that more consistently corresponded to 
genuinely suspicious cases. This finding was highly consistent with earlier scholarship on fraud 
detection and decision support, which has repeatedly emphasized that excessive alert noise reduces 
the operational credibility of detection systems (Bychkov et al., 2018). Previous studies on credit card 
fraud detection, anomaly screening, and transaction monitoring have often reported that high precision 
is operationally valuable because it improves the quality of the alert stream and reduces the number of 
non-productive cases entering analyst queues. The present study confirmed that this value is not 
simply technical but also behavioral, since analysts appeared to respond more favorably to systems 
whose outputs aligned better with investigative expectations. This result also corresponded with earlier 
research in human-AI interaction, where user acceptance has been shown to rise when automated 
recommendations are perceived as relevant, accurate, and contextually appropriate. In fraud 
operations, the acceptance of an alert can be understood as a practical expression of trust, not in an 
abstract attitudinal sense, but in a task-based and workflow-centered sense (Huppmann et al., 2019). 
The present study suggested that precision shaped this trust by influencing the extent to which analysts 
viewed system-generated alerts as worthy of attention. Earlier research has also indicated that repeated 
exposure to poor-quality alerts can lead to dismissal behavior, skepticism, and reduced engagement 
with the model. The negative relationship between false positive burden and alert acceptance found in 
this study reinforced that interpretation and aligned closely with prior literature describing alert fatigue 
and reduced confidence in noisy systems (Wang et al., 2021). Taken together, these findings suggested 
that precision matters not only because it improves fraud classifier quality, but because it affects how 
analysts allocate cognitive effort and investigative time. In comparison with earlier studies, this study 
provided more direct support for the claim that usability is partly a function of statistical credibility. 
This means that alert acceptance should be viewed as a meaningful workflow-level outcome through 
which the operational value of precision becomes visible. Such a perspective advances the literature by 
connecting predictive quality with concrete investigator behavior rather than treating model 
performance and user response as separate analytical domains (Johnson et al., 2016). 
The relationship between model recall and escalation quality formed another important component of 
the study’s findings and provides a valuable basis for comparison with earlier research on fraud 
detection effectiveness. This study found that higher recall was associated with stronger escalation 
quality, suggesting that systems that captured a larger proportion of actual fraud cases also improved 
the probability that meaningful suspicious events would be advanced appropriately through the 
investigative pipeline (Cirqueira et al., 2021).  
Earlier fraud detection research has long treated recall as a critical metric because missed fraud cases 
create direct institutional losses and weaken the preventive value of detection systems (Vinuesa et al., 
2020). Prior studies on payment fraud, money laundering screening, and insurance anomaly detection 
have generally argued that strong recall is essential in environments where failure to detect suspicious 
cases can be more damaging than the inconvenience created by additional review burden. The present 
study agreed with that tradition, but it also expanded it by demonstrating that recall had implications 
beyond case capture alone. Specifically, the findings suggested that stronger recall improved the 
quality of downstream escalation by enriching the set of cases available for analyst review and formal 
advancement (Cirqueira et al., 2020). This interpretation aligned with earlier work on pipeline-based 
fraud review models, which has suggested that upstream detection quality influences the quality of all 
subsequent decision stages. In operational terms, a fraud event that is never flagged cannot be 
reviewed, contextualized, or escalated, regardless of the competence of the analyst. The findings 
therefore supported prior literature that has framed recall as a foundational determinant of institutional 
fraud visibility. At the same time, this study introduced greater nuance by examining recall in relation 
to analyst workflow rather than purely in relation to detection success. Earlier studies often focused on 
recall as a model-centric success indicator, whereas the present results showed that it also functioned 
as a workflow-enabling variable (Peeters et al., 2021). This study therefore reinforced the argument that 
recall should be interpreted not simply as the ability to detect fraud, but as the ability to make important 
fraud cases available for higher-quality investigative action. This position aligns with emerging 
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literature on trustworthy AI and operational decision support, where the usefulness of model outputs 
is increasingly measured by their contribution to institutional action pathways rather than by abstract 
classification success alone. Accordingly, the findings supported a more integrated interpretation of 
recall as both a predictive and workflow-relevant construct in financial fraud detection (Laato et al., 
2022). 

Figure 13: Engineering Research Framework Workflow Diagram 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A major contribution of this study lay in its evidence that explanation quality and perceived reliability 
were consistently associated with decision consistency, review efficiency, and alert acceptance. These 
findings strongly aligned with earlier work on explainable AI, human-centered analytics, and 
interpretable decision support systems, all of which have emphasized that users are more likely to rely 
on algorithmic outputs when the system provides understandable reasons for its classifications and 
appears stable across repeated use conditions (Ahmed et al., 2022). Previous research on high-stakes AI 
in finance and other regulated domains has regularly argued that explainability improves institutional 
confidence, enhances reviewability, and reduces the opacity that often characterizes advanced machine 
learning systems. The current findings supported these claims directly by showing that explanation 
quality was one of the strongest positive predictors across multiple workflow outcomes. Earlier studies 
on interpretability in fraud analytics have often focused on technical explanation tools such as feature 
contribution methods, rule extraction, and local explanation techniques, and have generally argued 
that these mechanisms make complex systems more usable for analysts (Gaur & Sahoo, 2022). This 
study supported that interpretation at the workflow level by demonstrating that better explanation 
quality was associated with stronger analyst engagement and more regular decision behavior. The role 
of perceived reliability was equally important. Previous literature has suggested that users calibrate 
their trust not only on the basis of one successful outcome, but on repeated interaction with systems 
that appear dependable and coherent. The current findings were fully consistent with that reasoning. 
Analysts in this study appeared more able to make stable and consistent decisions when the AI system 
was experienced as reliable. This finding also corresponded with earlier studies on trust calibration, 
which have shown that confidence in decision aids is strongest when system outputs appear both 
intelligible and dependable (Gerlach et al., 2022). In fraud investigation, decision consistency matters 
greatly because inconsistent judgments can produce uneven treatment of similar cases, reduce control 
quality, and undermine managerial oversight. The evidence from this study therefore suggested that 
explainability and reliability are not peripheral design preferences but central operational conditions 
for trustworthy AI adoption. Compared with earlier studies, this study added depth by quantifying 
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how these trustworthiness dimensions translated into concrete workflow outcomes. It therefore 
strengthened the broader literature by showing that explainability and reliability should be understood 
as performance-relevant properties whose value extends beyond ethical discourse into measurable 
analyst decision behavior (Baudel et al., 2021). 
The findings relating to false positive burden were among the clearest in the study and closely mirrored 
a substantial body of earlier research on alert overload, review fatigue, and operational inefficiency in 
fraud monitoring environments (Milana & Ashta, 2021). This study found that higher false positive 
rates were associated with lower alert acceptance, reduced review efficiency, weaker workflow 
stability, and less consistent decision-making. These results strongly supported longstanding 
arguments in the fraud detection literature that false positives impose substantial operational costs 
even when they do not directly produce financial loss in the same way as false negatives (Bailer et al., 
2021). Earlier studies in transaction monitoring, anti-fraud review, and suspicious activity alerting have 
often emphasized that high false positive volumes create queue congestion, increase analyst workload, 
slow case progression, and dilute attention available for truly material cases. The present study aligned 
closely with those findings and added empirical precision by linking false positive burden to several 
distinct workflow outcomes rather than to general claims of inefficiency alone. This study also 
supported prior research on automation skepticism and trust erosion, where exposure to low-quality 
or irrelevant alerts has been shown to reduce confidence in automated systems (Mir et al., 2022). 
Analysts in high false positive environments in this study demonstrated weaker workflow stability and 
lower acceptance of model outputs, which is consistent with earlier scholarship suggesting that noisy 
systems gradually train users to distrust or discount the alert stream. The subgroup findings further 
reinforced this point by showing large differences between low and high false positive institutional 
contexts. Earlier literature has often discussed false positives as a trade-off that institutions tolerate in 
order to improve recall. While that trade-off remains analytically valid, this study demonstrated that 
the burden of false positives has its own measurable and significant influence on workflow 
performance. This means that the operational cost of model error should not be treated as secondary to 
predictive capability. Rather, the evidence suggested that false positive management is central to the 
design of usable and trustworthy fraud systems (Kallenborn et al., 2022). Compared with earlier studies 
that focused primarily on classifier optimization, this study contributed to the discussion by showing 
how false positive burden reshaped the human review process itself. In this way, the findings 
supported a broader interpretation of fraud model quality, where error structure must be judged not 
only by mathematical distribution but also by its effects on the tempo, clarity, and stability of 
institutional investigation workflows. 
The subgroup analyses showed that the effects of model quality and trustworthy AI were not uniform 
across all participants or organizational environments, and this finding provided an important point 
of connection with earlier contextual studies in fraud operations and high-stakes decision support 
(Handler et al., 2022). Analysts with greater experience demonstrated stronger trust calibration, better 
review efficiency, and more consistent decision-making, suggesting that professional exposure helped 
them interpret AI-supported alerts more effectively. Earlier literature on expert judgment and decision 
support has frequently shown that experienced practitioners are better able to balance reliance and 
skepticism when using automated systems. The current findings were fully consistent with that view. 
Prior studies in risk review, auditing, and investigative analytics have suggested that less experienced 
users often depend more heavily on interface clarity and explanation support because they possess less 
accumulated contextual intuition. The present study reflected that pattern, particularly in the finding 
that explanation quality had a stronger positive effect among less experienced analysts. This suggests 
that interpretability functions as a compensatory mechanism that reduces the gap between novice and 
experienced users (Patil et al., 2017). The results also varied by institution type. Analysts in commercial 
banks and digital payment settings demonstrated stronger workflow outcomes than those in insurance 
and fintech lending contexts. Earlier studies have often observed that institutional process maturity, 
system integration quality, and standardization levels differ substantially across financial sectors, 
shaping how effectively AI can be embedded into decision routines. The findings of this study were 
therefore consistent with the broader literature indicating that the operational benefits of AI depend 
partly on the surrounding organizational infrastructure (Goel & Uzuner, 2016). The institutional 
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variation connected with false positive burden also aligned with prior work showing that poorly tuned 
systems can degrade workflow regardless of the theoretical strength of the underlying model. Taken 
together, these contextual findings challenged any overly general interpretation of AI effectiveness 
(Chong et al., 2021). Earlier scholarship has increasingly argued that the success of fraud analytics 
depends on deployment conditions, user expertise, and governance arrangements as much as on 
algorithmic quality. This study strongly supported that position. It showed that the relationship 
between model performance and analyst workflow was contingent, not universal, and that workflow 
outcomes emerged from the interaction between system characteristics and the setting in which the 
system was used. This adds important nuance to the literature by demonstrating that trustworthy AI 
in fraud detection is not only a property of the model, but also a property of the model-in-context 
(Roszkowska, 2021). 
The broader significance of this study lies in its support for a more integrated understanding of 
trustworthy AI in financial fraud detection, one that combines predictive performance, interpretability, 
workflow usability, and human judgment into a single evaluative framework. Earlier studies have 
often approached these issues separately. Some have focused on machine learning performance, others 
on explainability, others on fairness or accountability, and still others on analyst behavior (Lui & Lamb, 
2018). The present study brought several of these strands together by showing that model quality and 
trustworthiness characteristics jointly influenced measurable analyst outcomes. This integrative 
perspective strongly aligned with emerging scholarship in trustworthy AI, which has argued that 
systems used in consequential financial settings should be evaluated not only for what they predict, 
but also for how their predictions are experienced, acted upon, and governed within real decision 
environments. The findings of this study supported that broader theoretical movement. The evidence 
indicated that fraud detection models were more operationally successful when they combined 
predictive strength with explanation quality and perceived reliability, and when they minimized false 
positive burden that could destabilize investigative work (Dong et al., 2018). Earlier literature has often 
described trustworthy AI in principle as involving reliability, explainability, auditability, fairness, and 
accountability. The present study did not attempt to measure every trustworthiness dimension equally, 
yet it demonstrated clearly that some of the most operationally immediate dimensions, especially 
explainability and reliability, had strong empirical consequences for analyst workflow outcomes. This 
reinforces earlier claims that trustworthiness should be treated as an evaluable and practically 
significant property rather than as a purely normative aspiration. The study also contributed to the 
literature by illustrating that workflow outcomes such as alert acceptance, review efficiency, escalation 
quality, and decision consistency are not peripheral variables (Ashtiani & Raahemi, 2021). They are 
central indicators through which the institutional value of AI becomes visible. In that sense, the study 
supported prior calls for moving beyond algorithm-centric evaluation and toward system-level 
assessment in financial fraud research. It also strengthened the empirical foundation for viewing fraud 
detection as a human-AI collaboration problem rather than a purely technical modeling challenge. By 
comparing the present findings with earlier studies, a clear pattern emerged: the literature increasingly 
points toward integrated, workflow-aware, and trust-centered evaluation, and this study provided 
quantitative support for that direction through evidence grounded in both model metrics and analyst 
operational outcomes (Zheng et al., 2019). 
CONCLUSION 
This study concluded that trustworthy AI in financial fraud detection is best understood as an 
integrated operational system in which model performance and analyst decision workflows function 
in a mutually dependent relationship rather than as separate domains of evaluation. The findings 
showed that predictive indicators such as precision and recall were not only technical measures of 
classifier success, but also important determinants of how analysts accepted alerts, reviewed cases, 
escalated suspicious events, and maintained consistency in decision-making. At the same time, 
trustworthiness-related dimensions, particularly explanation quality and perceived reliability, were 
found to have a substantial influence on workflow usability, demonstrating that strong model output 
alone was insufficient unless it was accompanied by intelligible, stable, and operationally credible 
support for analyst judgment. The study also established that false positive burden had a significant 
disruptive effect on review efficiency, workflow stability, and alert acceptance, confirming that the 
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practical cost of model error extends beyond statistical misclassification and directly shapes 
institutional fraud control capacity. In addition, the subgroup findings demonstrated that the effects of 
AI model quality were not uniform across all operational settings, since analyst experience, institutional 
context, explanation availability, and false positive exposure influenced how effectively fraud detection 
systems were used in practice. These results collectively reinforced the view that financial fraud 
detection is not merely a classification problem but a socio-technical decision environment in which 
algorithmic outputs gain value only when they support efficient, consistent, and defensible 
investigative action. The study therefore contributed to the quantitative literature by showing that 
workflow outcomes such as alert acceptance, review efficiency, escalation quality, and decision 
consistency should be treated as central indicators in the evaluation of AI-based fraud systems. In 
conceptual terms, the study supported the position that trustworthy AI in fraud detection must be 
assessed through both predictive performance and operational applicability. In empirical terms, it 
demonstrated that model precision, recall, explanation quality, perceived reliability, and false positive 
management were among the most influential predictors of effective analyst workflow outcomes. 
Taken together, the results provided strong evidence that the success of AI in financial fraud detection 
depends not only on how accurately fraud is predicted, but also on how effectively those predictions 
are translated into human decision processes within real institutional environments. 
RECOMMENDATION  
It is recommended that financial institutions, fraud risk teams, and AI system developers adopt a more 
integrated approach to fraud detection by evaluating and improving model performance together with 
analyst decision workflow quality rather than treating these as separate operational concerns. 
Organizations should place strong emphasis on optimizing model precision and recall in ways that are 
directly aligned with investigative processes, since the findings indicated that these dimensions were 
closely associated with alert acceptance, escalation quality, and overall workflow effectiveness. 
Particular attention should be given to reducing false positive burden because excessive non-
productive alerts can weaken review efficiency, lower analyst confidence, and destabilize fraud 
operations over time. It is also recommended that institutions strengthen the explainability and 
perceived reliability of fraud detection systems by ensuring that alerts are accompanied by clear, 
relevant, and operationally meaningful justifications that can support analyst interpretation and case 
documentation. Explainable output structures should be embedded into fraud review interfaces so that 
analysts can understand the basis of risk scoring without excessive cognitive effort. In addition, 
organizations should invest in workflow-centered system design, where AI tools are calibrated not only 
for statistical performance but also for ease of use, prioritization accuracy, and consistency of decision 
support within live investigation environments. Training programs should be developed to improve 
analyst trust calibration, especially for less experienced personnel, so that they can engage with AI-
generated alerts in a balanced and critically informed manner. Since the findings also showed subgroup 
variation across institutional settings, it is recommended that fraud systems be evaluated within their 
specific operational contexts rather than relying on generic performance assumptions. Commercial 
banks, payment platforms, insurance companies, and fintech institutions should therefore adapt model 
governance and workflow integration strategies to their own alert volumes, case structures, and control 
environments. Regular monitoring of workflow outcomes such as alert acceptance rate, review time, 
escalation quality, override behavior, and decision consistency should be incorporated into ongoing 
system assessment so that operational weaknesses can be identified alongside technical deficiencies. 
Finally, future organizational practice in AI-enabled fraud management should be guided by the 
principle that trustworthy AI is not achieved solely through high predictive accuracy, but through the 
combined ability of the system to generate reliable, interpretable, efficient, and institutionally 
defensible support for fraud analysts working in real decision settings. 
LIMITATIONS 
This study had several limitations that should be recognized when interpreting the findings. First, the 
study was conducted within a quantitative framework that emphasized measurable relationships 
between model performance indicators and analyst workflow outcomes, which meant that the analysis 
was more effective in identifying patterns of association than in capturing the full depth of analyst 
reasoning, organizational culture, or contextual nuances influencing fraud investigation practice. 



Review of Applied Science and Technology, June 2024, 41– 91 

86 
 

Although this design was appropriate for statistical testing, it may not have fully reflected the 
complexity of real-world decision-making in live fraud environments. Second, the study relied in part 
on survey-based responses from fraud analysts and related personnel, which introduced the possibility 
of self-report bias, perceptual subjectivity, and response inconsistency. Participants may have 
overestimated or underestimated their trust in AI systems, their decision consistency, or the operational 
value of model explanations. Third, the study was limited by the cross-sectional nature of the dataset, 
which restricted the ability to observe how analyst behavior, trust calibration, and model performance 
relationships changed over time. Fraud environments are dynamic, and the interaction between 
analysts and AI systems may evolve as systems mature, fraud patterns shift, and institutional controls 
are refined. Fourth, although the sample included participants from multiple financial contexts such as 
banking, digital payments, insurance, and fintech lending, the distribution of respondents across these 
sectors was not perfectly equal, which may have influenced the comparative strength of subgroup 
findings. Fifth, the operational variables used in the study, including alert acceptance, review 
efficiency, escalation quality, and decision consistency, were necessarily simplified into measurable 
constructs, and this may have reduced some aspects of their real institutional complexity. Sixth, not all 
dimensions of trustworthy AI were measured with equal depth.  
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