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Abstract

The rapid expansion of artificial intelligence across U.S. digital banking has created a challenge concerning how
automated analytical capability can be combined with human expertise to improve fraud detection, risk
analytics, and operational resilience without weakening transparency, accountability, or decision quality. This
study aimed to develop and empirically evaluate a Human-Al Decision Intelligence Framework that integrates
technological intelligence, professional judgment, governance, and decision effectiveness within digitally
intensive banking environments. A quantitative, cross-sectional, case-study-based design was employed using
a structured five-point Likert-scale questionnaire administered to professionals representing commercial banks,
digital banks, fintech organizations supporting banking, and payment or financial-technology service
enterprises. Of 320 questionnaires distributed, 300 were returned and 292 usable responses were retained,
producing a 91.3% usable response rate. The principal variables were Human-Al Decision Collaboration, Al-
Enabled Fraud Detection Capability, AI-Driven Risk Analytics Capability, Human Oversight, Explainability,
and Decision Governance, Fraud Detection Effectiveness, Risk Analytics Effectiveness, and Operational
Resilience. Data analysis incorporated descriptive statistics, Cronbach’s alpha reliability testing, Pearson
correlation, multiple regression, ANOVA, and diagnostic assessment. AI-Enabled Fraud Detection Capability
recorded the highest mean, M = 4.15, SD = 0.57, while Operational Resilience achieved M = 4.10, SD = 0.58.
Al-Enabled Fraud Detection Capability strongly predicted Fraud Detection Effectiveness, f = .39, p <.001, and
AI-Driven Risk Analytics Capability strongly predicted Risk Analytics Effectiveness, p = .44, p < .001. The
integrated model explained 70.9% of the variance in Operational Resilience, R = .842, R? = .709, adjusted R? =
.703, F(6, 285) =115.65, p <.001, with Fraud Detection Effectiveness, f = .28, and Risk Analytics Effectiveness,
P = .25, emerging as the strongest direct predictors. All eight hypotheses were supported. The findings imply
that resilient digital banking depends on coordinated Al capabilities, human judgment, explainable governance,
and effective fraud and risk decisions rather than automation alone.
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INTRODUCTION

Artificial intelligence, digital banking, and decision intelligence have become increasingly
interconnected within contemporary financial services. Digital banking refers to the delivery,
management, and execution of financial products, transactions, customer interactions, payments,
lending services, and information through digitally enabled banking platforms rather than through
predominantly physical and manually administered banking channels. Digital finance more broadly
reflects the integration of financial activities with technological infrastructures, data-driven systems,
digital platforms, and automated service mechanisms that reshape how financial institutions create,
deliver, monitor, and control financial services (Gomber et al., 2018; Gomber et al., 2017). Financial
technology has further transformed the architecture of banking by introducing technologically
mediated payment systems, digital lending platforms, data-intensive credit assessment, automated
financial intermediation, and algorithm-supported risk management processes (Thakor, 2020). Within
this environment, artificial intelligence can be understood as a collection of computational approaches
capable of performing analytical and cognitive functions such as pattern recognition, classification,
prediction, anomaly identification, learning, and decision support. The increasing use of such
capabilities in banking has created a need to understand not only the technical accuracy of AI models
but also the way in which algorithmic outputs are combined with professional judgment and
organizational decision processes. Human-AlI Decision Intelligence can therefore be defined as an
integrated decision architecture in which artificial intelligence provides computational scale, pattern
recognition, prediction, and analytical support while human decision makers contribute contextual
understanding, professional expertise, ethical judgment, accountability, and interpretation. This
approach reflects the principle that human and machine capabilities can complement one another in
organizational decision environments rather than being treated only as substitutes (Dellermann et al.,
2019; Jarrahi, 2018). Organizational research has shown that Al-supported decisions may be structured
through different combinations of human authority, algorithmic recommendations, sequential review,
and joint decision arrangements, making the design of decision structures an important element of Al
adoption (Shrestha et al., 2019). The international significance of this issue has increased with the
globalization and digitization of banking services because financial institutions now process enormous
volumes of transaction, customer, behavioral, credit, and operational data through interconnected
platforms. In U.S. digital banking, these conditions are particularly important because banks, fintech
firms, digital payment providers, card networks, and technologically enabled financial institutions
must process high-speed transactions while simultaneously addressing fraud exposure, financial risk,
regulatory obligations, customer protection, and service continuity. A Human-AlI Decision Intelligence
perspective consequently provides a suitable foundation for examining how algorithmic capabilities
and human expertise can be combined within a banking environment in which both computational
efficiency and accountable decision-making are essential (Jarrahi, 2018; Shrestha et al., 2019).
Human-AI Decision Collaboration represents one of the central components of decision intelligence
because Al-supported banking systems do not operate independently from the professionals who
interpret, verify, challenge, or act upon their outputs. Human-AI Decision Collaboration can be defined
as a coordinated decision process in which human professionals and artificial intelligence systems
contribute different forms of expertise to a shared analytical or operational task. In such arrangements,
Al systems may identify patterns, rank risks, classify transactions, generate alerts, or recommend
actions, while human decision makers assess contextual factors, resolve ambiguous cases, evaluate
exceptional circumstances, and retain responsibility for decisions that require professional judgment.
Research on human interaction with algorithms demonstrates that the acceptance of automated advice
is influenced by more than technical accuracy. Individuals may reject algorithmic recommendations
after observing errors even when algorithmic forecasts remain more accurate than human judgments,
a phenomenon commonly described as algorithm aversion (Dietvorst et al., 2015). At the same time,
willingness to use algorithms can increase when users are given some degree of control over their
outputs, indicating that perceived human involvement can strengthen acceptance of automated
decision support (Dietvorst et al., 2018). Other research has identified algorithm appreciation, whereby
users sometimes assign greater weight to algorithmic recommendations than to comparable advice
from human sources, demonstrating that human attitudes toward automation can vary substantially
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across contexts and tasks (Logg et al., 2019). Trust therefore becomes an important component of
Human-Al collaboration. Reliability, transparency, system behavior, and the way Al systems
communicate their capabilities can influence whether users develop appropriate cognitive and
emotional trust in automated systems (Glikson & Woolley, 2020). Effective collaboration must also
distinguish between automation and augmentation. Automation transfers tasks or decision
responsibilities from humans to technological systems, whereas augmentation combines machine
capabilities with human expertise so that each contributes to the final decision process (Raisch &
Krakowski, 2021). Explainability further affects this relationship because providing explanations does
not automatically guarantee appropriate reliance. Users may over-trust incorrect Al recommendations
or reject accurate recommendations when they fail to calibrate their trust effectively (Naiseh et al.,
2021). Research on Al-supported decision processes also indicates that intermediate judgments made
by users can shape subsequent trust and reliance behavior (Humr & Canan, 2024). In digital banking,
these findings are directly relevant to transaction monitoring, fraud investigation, customer-risk
assessment, credit evaluation, and operational-risk management because Al-generated alerts or scores
acquire practical value only when they are interpreted and incorporated into appropriate decisions.
Human-AI Decision Collaboration therefore involves a controlled interaction among machine-based
analytical capability, human expertise, trust calibration, explanation, verification, and decision
authority rather than unrestricted dependence on automated recommendations (Glikson & Woolley,
2020; Raisch & Krakowski, 2021).

Figure 1: Human-AlI Decision Intelligence Framework for Fraud Detection, Risk Analytics, and
Operational Resilience
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Fraud detection represents one of the most established applications of artificial intelligence and
computational analytics within banking and financial services. Financial fraud generally refers to
intentional deceptive, unauthorized, or manipulative activity undertaken to obtain financial benefit,
avoid financial obligations, or compromise legitimate financial processes, while fraud detection
concerns the systematic identification of transactions, accounts, behaviors, or activities exhibiting
characteristics associated with fraudulent conduct. Early studies demonstrated that computational
intelligence could be used to recognize fraudulent credit-card behavior through techniques such as
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support vector machines and artificial neural networks, establishing an analytical basis for machine-
assisted fraud identification (Chen et al, 2005). Real-time fraud detection research further
demonstrated the importance of examining customer spending behavior and transaction patterns as
electronic commerce and digital payment activity expanded (Quah & Sriganesh, 2008). The wider field
of financial fraud analytics subsequently developed through the application of classification,
regression, clustering, prediction, outlier detection, visualization, and other data-mining approaches
designed to distinguish legitimate activity from suspicious patterns (Ngai et al., 2011). Comparative
empirical evidence has also shown that logistic regression, support vector machines, random forests,
and related techniques can produce different levels of performance depending on transaction
characteristics, sampling procedures, and the structure of available fraud data (Bhattacharyya et al,,
2011). The importance of intelligent fraud detection has grown because purely manual review is costly,
slow, and difficult to sustain in environments characterized by high transaction volumes and complex
behavioral patterns (West & Bhattacharya, 2016). Fraud-detection systems additionally face
methodological challenges such as extreme class imbalance, concept drift, large-scale data processing,
delayed labels, and the need to identify suspicious activity rapidly enough to support meaningful
intervention (Abdallah et al., 2016). Feature engineering also plays an important role because the
effectiveness of fraud analytics depends not only on the selected algorithm but also on the
representation of customer behavior, transaction aggregation, historical patterns, and the financial cost
associated with classification errors (Bahnsen et al., 2016). Real-world fraud management frequently
combines computational classification with manual investigation, illustrating the practical relevance of
Human-AlI collaboration in operational fraud processes (Carneiro et al., 2017). Al-Enabled Fraud
Detection Capability can therefore be understood as an organizational capability encompassing real-
time transaction monitoring, anomaly recognition, behavioral analytics, suspicious-pattern
identification, automated alert generation, data preparation, and analyst-supported investigation.
Within U.S. digital banking, such capability is particularly important because financial institutions
must evaluate enormous volumes of transactions at high speed while limiting both undetected fraud
and unnecessary restrictions placed on legitimate customers. Fraud detection is therefore not solely an
algorithmic classification task but a decision process involving data, models, thresholds, analysts,
investigative procedures, and organizational controls (Abdallah et al., 2016; Carneiro et al., 2017).

The distinction between Al-enabled fraud-detection capability and actual fraud-detection effectiveness
is necessary because technologically advanced systems do not automatically produce accurate and
operationally useful decisions. Fraud Detection Effectiveness can be defined as the extent to which a
banking fraud-management process successfully identifies suspicious behavior, minimizes missed
fraud, controls false positives, enables timely investigation, supports accurate intervention, and
reduces the operational burden associated with inappropriate alerts. Realistic fraud-detection
environments are affected by extreme class imbalance because fraudulent transactions usually
represent only a very small proportion of total activity, while legitimate transactions dominate
available datasets. They are also influenced by changing fraud patterns, evolving customer behavior,
delayed confirmation of fraudulent transactions, and continuously shifting transaction distributions
(Dal Pozzolo et al., 2018). Such conditions create a nonstationary analytical environment in which
models developed from historical data may not consistently identify every newly emerging form of
suspicious behavior. Sequence-based modeling has demonstrated that transaction histories can provide
useful behavioral information and that Long Short-Term Memory models can detect patterns that differ
from those captured through static classification methods (Jurgovsky et al., 2018). However, strong
statistical performance in experimental datasets cannot be assumed to translate directly into
operational effectiveness. Research comparing academic fraud-detection methods with industry
practice has identified gaps involving scalability, practical deployment, real-time processing, fraud
investigation, evolving criminal strategies, and the usability of algorithmic outputs for professional
reviewers (Ryman-Tubb et al., 2018). These concerns are particularly important when classifiers operate
as opaque systems because fraud analysts often need to know why a transaction has been flagged,
which behavioral characteristics influenced the alert, and whether contextual evidence supports
escalation. Machine-learning studies in fintech applications have also demonstrated that the
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effectiveness of fraud detection varies according to algorithm selection, feature representation, data
characteristics, and the structure of financial activity being examined (Stojanovi¢ et al., 2021). In
operational digital banking, a single transaction may move through several stages, including
automated monitoring, anomaly scoring, behavioral comparison, threshold evaluation, fraud-alert
generation, analyst examination, customer verification, escalation, and final authorization or blocking.
The outcome is consequently affected by both computational and human components. Al may provide
speed, scalability, and pattern recognition, while professional analysts provide contextual assessment,
interpretation, exception handling, and decision accountability. This distinction supports the treatment
of Al-Enabled Fraud Detection Capability and Fraud Detection Effectiveness as separate constructs
within the present study. The first reflects the technological and analytical capacity of the banking
institution, while the second represents the quality and effectiveness of fraud-related decisions
generated through the broader Human-AI process (Dal Pozzolo et al., 2018; Ryman-Tubb et al., 2018).
Risk analytics constitutes another major component of digital banking decision intelligence because
financial institutions must continuously assess multiple forms of uncertainty extending beyond
individual fraud events. Risk analytics refers to the systematic use of historical, transactional, financial,
behavioral, operational, and contextual data to identify risk exposure, estimate probabilities, produce
risk scores, recognize abnormal conditions, and support risk-control decisions. AI-Driven Risk
Analytics Capability refers more specifically to the organizational ability to use artificial intelligence,
machine learning, and advanced computational techniques for predictive risk assessment, behavioral
risk scoring, early-warning detection, scenario analysis, customer-risk evaluation, and continuous
monitoring of changing risk conditions. Digital banks operate within environments containing
interconnected categories of credit risk, market risk, liquidity risk, operational risk, compliance risk,
cybersecurity risk, and financial-crime risk, making effective analysis increasingly dependent on the
capacity to process heterogeneous and high-volume datasets. Transaction-level information can
strengthen financial risk assessment because behavioral and transactional variables may reveal
changing borrower or customer conditions that conventional demographic and application-based
variables cannot fully capture (Zhang et al., 2018).

Machine-learning applications have been documented across several areas of banking risk
management, including credit, market, operational, and liquidity risk, illustrating the relevance of
computational methods to risk detection, measurement, reporting, and management activities (Leo et
al., 2019). Broader research on financial risk management has similarly shown that machine-learning
techniques can support the modeling of complex nonlinear relationships and large data environments
that may challenge conventional analytical approaches (Mashrur et al., 2020). Al and machine-learning
methods have also been examined in credit-risk assessment, where data-driven models can support
classification and prediction of borrower risk within increasingly digital financial ecosystems
(Mhlanga, 2021). Predictive capability, however, does not eliminate the need for interpretation.
Explainable machine-learning approaches in credit-risk management have demonstrated how
predictive models can be supplemented with information concerning the factors that influence
classifications or risk estimates, improving the interpretability of analytically generated decisions
(Bussmann et al., 2021). This distinction makes it important to separate Al-Driven Risk Analytics
Capability from Risk Analytics Effectiveness. The former represents an institution's technological
ability to produce predictive and data-intensive assessments, while the latter reflects whether those
assessments accurately identify risk, provide timely and meaningful information, strengthen
professional judgment, and contribute to appropriate risk-control decisions. Within a Human-Al
Decision Intelligence framework, algorithmic risk analytics can therefore serve as a scalable mechanism
for identifying complex patterns, while human professionals evaluate contextual conditions, challenge
questionable outputs, incorporate organizational knowledge, and determine the actions that should
follow from the analytical evidence (Bussmann et al., 2021; Leo et al., 2019).

Human Oversight, Explainability, and Decision Governance form the control dimension of Human-AlI
Decision Intelligence because banking decisions involving fraud, risk, customers, and operational
continuity require accountable mechanisms for interpreting and managing Al-generated outputs.
Human oversight can be defined as the capacity of authorized professionals to observe, review,
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challenge, modify, escalate, or override Al-supported recommendations according to clearly
established responsibilities. Explainability refers to the extent to which the reasoning, influential
factors, or analytical basis behind an Al-generated prediction or recommendation can be
communicated in a form that relevant users can understand. Decision governance refers to the
organizational rules, accountability structures, monitoring procedures, documentation requirements,
validation mechanisms, escalation protocols, and control arrangements that determine how Human-
Al decisions are produced and supervised. These dimensions are particularly relevant in banking
because predictive accuracy alone is insufficient for a dependable decision architecture. Trust in Al is
influenced by transparency, reliability, observable system behavior, and the ability of users to
understand the role of automated systems within a decision process (Glikson & Woolley, 2020).
Organizational structures also determine how decision authority is allocated between human actors
and algorithms, including arrangements in which Al recommends and humans decide, humans
provide input and algorithms decide, or both contribute sequentially to a final judgment (Shrestha et
al., 2019).

Explainability must also be connected with trust calibration because an explanation can lead users to
rely too heavily on an incorrect recommendation or to reject an accurate recommendation when the
information is misunderstood (Naiseh et al.,, 2021). Financial risk-management research has
demonstrated that explainable machine-learning techniques can make risk classifications more
interpretable by identifying variables or conditions associated with particular predictions (Bussmann
et al., 2021). Similar concerns arise in financial fraud detection because opaque classification models
may provide limited investigative value when analysts cannot determine the reasons underlying
suspicious-transaction alerts (Ryman-Tubb et al., 2018). Human oversight therefore should not be
interpreted merely as the presence of an employee after an automated output has been produced. It
represents the deliberate design of interaction among model outputs, professional expertise, validation
requirements, escalation criteria, exception handling, and decision accountability. International
financial-sector research has also linked digital operational resilience with information and
communication technology risk, cybersecurity controls, third-party dependencies, governance, and
supervisory arrangements, demonstrating that technological decision systems operate within broader
structures of institutional control (Buttigieg & Brunelli Zimmermann, 2024). Within U.S. digital
banking, Human Oversight, Explainability, and Decision Governance can consequently be treated as
measurable capabilities that determine how effectively Al-generated fraud and risk information is
interpreted, controlled, challenged, and translated into organizational decisions (Glikson & Woolley,
2020; Shrestha et al., 2019).

Operational resilience provides the central organizational outcome through which the combined
effectiveness of Human-Al decision processes, fraud detection, and risk analytics can be examined.
Operational resilience refers to the ability of an organization to maintain, adapt, restore, or recover
critical operations when exposed to technological failures, fraud incidents, cyberattacks, process
breakdowns, third-party disruptions, model failures, or other events that threaten service continuity.
In financial institutions, the concept extends beyond conventional operational-risk management
because it focuses not only on preventing adverse events but also on ensuring that important banking
services continue to function or can be restored within acceptable conditions when disruptions occur.
Operational resilience has therefore been described as an extension of operational-risk management
centered on an institution's capacity to respond to and recover from disruptive events (Milkau, 2021).
Financial institutions can also be viewed as complex adaptive systems whose resilience depends on
their ability to absorb shocks, adjust internal processes, coordinate resources, and recover from
disturbances affecting interconnected operational functions (Butler & Brooks, 2021). The increasing
dependence of financial institutions on digital technologies has strengthened the connection among
resilience, cybersecurity, technology governance, information and communication technology risk, and
third-party service dependencies (Buttigieg & Brunelli Zimmermann, 2024). These dimensions are
closely associated with fraud and risk analytics because operational disruptions can arise not only from
technical infrastructure failures but also from undetected fraudulent transactions, compromised
accounts, inappropriate automated decisions, inaccurate risk classifications, excessive false-positive
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alerts, delayed investigations, or inadequate escalation of emerging threats. The digital transformation
of financial services has intensified these relationships by increasing the degree to which payments,
customer interactions, lending decisions, risk assessments, and operational processes depend on
interconnected technological platforms (Gomber et al., 2017; Thakor, 2020). Within this environment,
operational resilience is partly determined by the quality and speed of decisions through which
abnormal transactions, financial risks, and operational threats are detected, interpreted, escalated, and
controlled. Existing research has frequently examined these dimensions through separate streams.
Fraud-detection studies have focused heavily on classification algorithms and detection accuracy, risk-
management studies have concentrated on predictive assessment and machine learning, Human-AlI
research has examined trust, augmentation, algorithm acceptance, and decision structures, while
resilience research has emphasized continuity, adaptation, and recovery. The present quantitative,
cross-sectional, case-study-based study integrates these domains by examining Human-AI Decision
Collaboration, Al-Enabled Fraud Detection Capability, Al-Driven Risk Analytics Capability, and
Human Oversight, Explainability, and Decision Governance in relation to Fraud Detection
Effectiveness, Risk Analytics Effectiveness, and Operational Resilience in U.S. digital banking. The
relationships among these variables provide the analytical foundation for testing how Human-AI
decision capabilities are associated with fraud-management performance, risk-analysis performance,
and resilient digital banking operations (Butler & Brooks, 2021; Milkau, 2021).

Background of the Study

The rapid digitalization of banking has transformed the way financial institutions process transactions,
evaluate customer behavior, manage financial risks, detect fraudulent activity, and maintain continuity
of essential services. In the United States, digital banking environments now depend heavily on
interconnected information systems, mobile applications, online platforms, automated transaction-
processing infrastructures, cloud-based services, analytical technologies, and artificial intelligence tools
that generate large volumes of data and support increasingly complex decisions. This transformation
has created substantial opportunities for financial institutions to improve speed, accuracy, scalability,
and responsiveness, while it has also increased the complexity of fraud exposure, technology-related
risk, cybersecurity threats, operational disruptions, and data-intensive decision-making. Conventional
fraud-detection and risk-management approaches that depend heavily on static rules or manual review
may be insufficient when institutions must evaluate millions of transactions, detect rapidly changing
behavioral patterns, and distinguish legitimate activity from increasingly sophisticated fraudulent
behavior. Artificial intelligence and machine-learning systems provide advanced capabilities for
identifying anomalies, recognizing hidden patterns, generating risk scores, predicting suspicious
behavior, and supporting real-time decision-making. However, banking decisions cannot be treated
solely as technical classification problems because many fraud and risk situations require contextual
interpretation, professional judgment, regulatory understanding, accountability, and evaluation of
circumstances that may not be fully represented within algorithmic models. The concept of Human-AlI
Decision Intelligence therefore provides an appropriate basis for combining computational capabilities
with human expertise in a structured decision environment. Under this approach, Al supports data
processing, prediction, classification, and analytical reasoning, while banking professionals provide
interpretation, verification, escalation, exception handling, and final judgment where necessary. Fraud
detection effectiveness and risk analytics effectiveness consequently depend not only on the availability
of advanced Al technologies but also on how effectively those technologies are integrated with human
decision processes, explainability mechanisms, oversight structures, and decision governance. These
combined capabilities are also closely connected with operational resilience because a bank must be
able to detect abnormal conditions, make timely risk decisions, respond to fraud-related events,
maintain critical services, and recover from disruptions. The present study has therefore been
developed around the need to examine Human-AI Decision Collaboration, Al-Enabled Fraud Detection
Capability, Al-Driven Risk Analytics Capability, Human Oversight, Explainability, and Decision
Governance as interconnected dimensions that may strengthen Fraud Detection Effectiveness, Risk
Analytics Effectiveness, and Operational Resilience within U.S. digital banking.
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Problem Statement

The increasing dependence of U.S. digital banking institutions on artificial intelligence has created a
critical decision-management problem concerning how automated analytical capabilities should be
combined with human expertise to achieve effective fraud detection, accurate risk analytics, and
resilient banking operations. Digital banking institutions process large volumes of transactions and
customer interactions through automated systems, creating an environment in which fraud attempts,
account compromises, behavioral anomalies, financial risks, and operational threats must often be
detected and evaluated within very limited timeframes. Artificial intelligence can process these data at
a scale that is impossible for human analysts to reproduce manually, yet automated systems may
generate false-positive alerts, fail to identify unfamiliar fraud patterns, provide insufficiently
transparent recommendations, or produce outputs that require professional interpretation before
action is taken. Excessive reliance on automation can therefore create decision risks, while excessive
dependence on manual review can reduce speed, scalability, and consistency. A further problem
concerns the fragmentation of existing banking decision processes. Fraud detection, risk analytics, Al
governance, human oversight, and operational resilience are frequently managed as related but
organizationally separate functions. This separation may limit the ability of institutions to understand
how improvements in one capability contribute to performance in another. For example, a highly
sophisticated fraud-detection algorithm may not improve organizational performance if analysts do
not trust or understand its alerts, while advanced predictive risk analytics may have limited value if
decision-makers cannot convert risk information into timely and appropriate operational actions.
Similarly, explainability and governance mechanisms may enhance accountability, but their
contribution cannot be fully understood without examining their relationships with decision
effectiveness. The principal research problem is therefore the absence of an integrated and empirically
tested framework that explains how Human-AI collaboration, Al-enabled fraud detection, Al-driven
risk analytics, and human-centered governance collectively contribute to effective fraud and risk
decisions and ultimately to operational resilience in U.S. digital banking. This problem is particularly
important because operational resilience depends on an institution's capacity to recognize threats,
interpret complex information, make effective decisions, maintain critical services, and recover from
disruptive conditions. The study addresses this problem by developing and quantitatively testing a
Human-AlI Decision Intelligence Framework that integrates technological capability, human judgment,
analytical effectiveness, governance, and resilience within a single explanatory model.

Objectives of the Study

The principal purpose of this study is to develop and empirically evaluate a Human-AI Decision
Intelligence Framework for Fraud Detection, Risk Analytics, and Operational Resilience in U.S. Digital
Banking through a quantitative, cross-sectional, case-study-based research design. The study is
intended to determine whether the integration of human expertise and Al-supported analytical
capabilities can provide a coherent explanation of fraud-detection performance, risk-analysis
performance, and organizational resilience within digitally intensive banking environments. More
specifically, the first objective is to examine the extent to which Human-AI Decision Collaboration
influences Fraud Detection Effectiveness by assessing whether collaboration between automated
systems and professional banking personnel improves the identification, interpretation, and
management of potentially fraudulent activities. The second objective is to determine the influence of
Al-Enabled Fraud Detection Capability on Fraud Detection Effectiveness, with emphasis on real-time
transaction monitoring, anomaly identification, behavioral analysis, automated alerts, and pattern-
recognition capabilities. The third objective is to evaluate the relationship between AI-Driven Risk
Analytics Capability and Risk Analytics Effectiveness by examining the role of predictive assessment,
risk scoring, early-warning information, and data-supported risk identification. The fourth objective is
to assess the contribution of Human Oversight, Explainability, and Decision Governance to both fraud
detection and risk analytics, recognizing that technologically generated outputs must operate within
transparent, accountable, and professionally controlled decision environments. The fifth objective is to
determine whether Fraud Detection Effectiveness contributes significantly to Operational Resilience by
improving the institution's ability to recognize and respond to fraudulent disruptions while protecting
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essential banking services. The sixth objective is to examine the effect of Risk Analytics Effectiveness
on Operational Resilience by determining whether accurate and timely risk information strengthens
organizational preparedness, response, and continuity. The seventh and overarching objective is to
determine whether the principal Human-Al Decision Intelligence capabilities jointly explain a
significant proportion of operational resilience within U.S. digital banking. Through these objectives,
the study establishes a measurable connection among technological capability, human judgment,
analytical effectiveness, and resilient organizational performance and provides a structured foundation
for testing the proposed relationships through descriptive statistics, reliability analysis, Pearson
correlation, and multiple regression modeling.

Research Hypotheses

The research hypotheses have been formulated to statistically evaluate the relationships proposed
within the Human-AI Decision Intelligence Framework and to determine whether the selected
technological, human, and analytical capabilities make significant contributions to fraud detection, risk
analytics, and operational resilience in U.S. digital banking. The first hypothesis, H1, proposes that
Human-AI Decision Collaboration has a significant positive effect on Fraud Detection Effectiveness,
based on the expectation that combining machine-based analytical capabilities with professional
judgment can improve fraud-related decision performance. The second hypothesis, H2, proposes that
Al-Enabled Fraud Detection Capability has a significant positive effect on Fraud Detection
Effectiveness because stronger automated monitoring, anomaly identification, behavioral analysis, and
pattern-recognition capabilities are expected to strengthen the detection of suspicious financial activity.
The third hypothesis, H3, proposes that AI-Driven Risk Analytics Capability has a significant positive
effect on Risk Analytics Effectiveness, reflecting the expectation that predictive modeling, risk scoring,
and data-driven early-warning capabilities improve the quality and timeliness of banking risk
assessments. The fourth hypothesis, H4, states that Human Oversight, Explainability, and Decision
Governance have a significant positive effect on Fraud Detection Effectiveness because transparent and
accountable decision processes may strengthen the interpretation and management of Al-generated
fraud alerts. The fifth hypothesis, H5, proposes that Human Oversight, Explainability, and Decision
Governance have a significant positive effect on Risk Analytics Effectiveness by supporting appropriate
interpretation, review, validation, and use of Al-generated risk information. The sixth hypothesis, H6,
proposes that Fraud Detection Effectiveness has a significant positive effect on Operational Resilience
because effective fraud identification and response can reduce disruption and support continuity of
banking services. The seventh hypothesis, H7, states that Risk Analytics Effectiveness has a significant
positive effect on Operational Resilience because accurate risk identification and timely analytical
information can improve organizational preparedness and response. Finally, H8 proposes that Human-
Al Decision Intelligence capabilities jointly have a significant positive effect on Operational Resilience.
These eight hypotheses create the statistical structure for the study and will be tested using correlation
and regression analyses to determine the direction, strength, significance, and explanatory power of
the relationships among the principal variables.

Significance of the Research

i. Academic significance: This research is significant because it integrates several research domains
that are often examined separately, including Human-AlI collaboration, artificial intelligence, fraud
detection, predictive risk analytics, explainability, decision governance, and operational resilience. By
incorporating these dimensions into one quantitative framework, the study provides a more
comprehensive basis for understanding Al-supported decision-making within digital banking rather
than examining individual technologies or banking functions independently.

ii. Theoretical significance: The research provides an opportunity to interpret digital banking decision
capabilities through a coherent theoretical perspective in which organizations develop technological
and human capabilities for sensing threats, making effective decisions, adapting operational processes,
and maintaining resilient performance. The integration of Human-AI decision mechanisms with fraud
and risk outcomes strengthens the theoretical connection between digital capability and organizational
resilience.
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iii. Banking-management significance: The findings can provide banking managers with evidence
regarding which Human-AI capabilities are most strongly associated with effective fraud detection,
risk analytics, and operational resilience. This is important because institutions may invest heavily in
Al technologies without understanding whether technological capability alone is sufficient or whether
human collaboration, explainability, and governance are equally important determinants of
performance.

iv. Fraud-management significance: The study is significant to fraud analysts and financial-crime
professionals because it evaluates fraud detection as a combined technological and human decision
process. This approach recognizes that successful fraud management depends on more than generating
automated alerts and includes the interpretation, verification, escalation, and management of
suspicious activities.

v. Risk-management significance: The research provides value to risk-management professionals by
examining whether Al-driven risk analytics improves the effectiveness of risk assessment and whether
stronger risk analytics contributes to operational resilience. This creates a direct link between predictive
analytical capability and broader organizational performance.

vi. Al governance significance: The inclusion of Human Oversight, Explainability, and Decision
Governance makes the study relevant to organizations seeking to establish transparent and accountable
Al-supported decision systems. It provides a measurable way of examining whether governance-
oriented capabilities are associated with improved banking decisions.

vii. Operational resilience significance: The research is important because it places operational
resilience as the principal organizational outcome, allowing fraud detection and risk analytics to be
examined in relation to the bank's capacity to maintain, adapt, and recover critical digital services
during disruptive conditions.

LITERATURE REVIEW

The literature surrounding Human-AI Decision Intelligence in digital banking extends across several
closely connected fields, including artificial intelligence, financial technology, fraud detection, banking
risk analytics, explainable Al, organizational decision-making, human oversight, and operational
resilience. These areas have developed from different disciplinary perspectives, yet they increasingly
intersect within digital banking environments where institutions must process large volumes of
financial information, identify suspicious behavior, assess uncertainty, respond to operational threats,
and make accountable decisions under conditions of speed and complexity. Research on Al and digital
finance has established the growing importance of machine learning, automated classification,
predictive modeling, and data-intensive decision support in financial services, while fraud-detection
studies have concentrated on the identification of anomalous or suspicious transactions through
statistical and computational methods. A related body of research has examined the use of advanced
analytics for credit, operational, market, and transaction-related risk assessment. At the same time,
Human-AlI research has emphasized that technological capability alone does not determine decision
quality because human trust, professional judgment, transparency, interpretability, and appropriate
allocation of decision authority influence whether Al-generated outputs are accepted and effectively
applied. These concerns are particularly relevant in banking because errors in fraud detection or risk
assessment can affect customers, financial losses, regulatory compliance, operational stability, and
institutional reputation. Operational resilience research provides an additional dimension by focusing
on the capacity of financial institutions to sustain essential services, respond to disruptive events, adapt
operational processes, and recover critical functions. The present literature review therefore organizes
the existing knowledge into six interconnected areas that correspond directly to the proposed research
model. These areas include Human-Al Decision Intelligence and collaborative decision-making in
digital banking, Al-enabled fraud detection, Al-driven risk analytics together with explainability and
governance, operational resilience in U.S. digital banking, the theoretical foundation of the study, and
the conceptual framework integrating the principal constructs. This structure enables the literature to
be examined systematically while establishing the relationships among technological capability,
human decision processes, analytical effectiveness, and resilient banking operations.
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Human-AI Decision Intelligence and Collaborative Decision-Making in Digital Banking
Human-AI Decision Intelligence in digital banking refers to the structured integration of human
judgment, organizational knowledge, and artificial intelligence capabilities within financial decision
processes that require speed, consistency, contextual understanding, and accountability. In digital
banking environments, decisions concerning transaction monitoring, fraud alerts, customer
verification, credit assessment, risk classification, compliance review, and operational escalation are
increasingly supported by machine-learning models capable of processing large and complex datasets
beyond unaided human capacity. Human decision makers remain important because they interpret
unusual cases, incorporate contextual information, evaluate exceptions, and determine actions when
model outputs are uncertain or when decisions carry material consequences. Human-Al collaboration
should therefore be understood as an organizational arrangement rather than a simple interaction
between a user and a software tool. Its design determines which tasks are assigned to algorithms, which
remain under human control, how outputs are combined, and how feedback is incorporated into
subsequent decisions. Human and AI agents may operate sequentially, where one produces
information that the other reviews, or in parallel, where both produce judgments that are integrated.
The effectiveness of either configuration depends on task allocation, communication, exception
handling, and learning. Organizational design research has emphasized that Human-AlI collaborative
decision-making involves division of labor, task interdependence, specialization, and learning
configurations that can determine whether combined performance exceeds individual performance
(Puranam, 2021). Algorithm-supported decision systems also require careful attention to final decision
authority. When algorithms generate predictions or risk assessments while humans retain final
judgment, decision-making becomes sociotechnical because analytical outputs interact with human
interpretation, institutional rules, and professional discretion. Research on algorithm-in-the-loop
decision-making has shown that providing algorithmic advice does not automatically improve human
decisions and that the structure through which recommendations are received and used can materially
shape outcomes (Green & Chen, 2019). These considerations are particularly relevant to digital banking
because fraud and risk decisions frequently require computational screening together with accountable
human review.

The quality of Human-AlI Decision Intelligence also depends on whether people can determine when
to rely on Al, when to challenge it, and when a task should remain under human judgment. Digital
banking decisions often involve heterogeneous cases, incomplete information, changing transaction
patterns, and varying levels of risk, making uniform allocation of decision authority unsuitable. A fraud
model may identify common anomalous patterns effectively while struggling with rare contextual
situations, whereas an experienced analyst may recognize unusual circumstances but cannot
continuously evaluate the same transaction volume or number of variables as an automated system.
Productive collaboration therefore requires an allocation mechanism that matches decision tasks with
the capabilities of the most suitable agent. Experimental evidence has shown that Human-AI teams can
outperform either humans or Al working independently under appropriate delegation structures,
while human decision makers may perform poorly when they inaccurately assess their own
competence and delegate unsuitable tasks to Al This limitation has been associated with insufficient
metaknowledge about personal capabilities rather than simple unwillingness to use algorithms
(Ftigener et al., 2022). Such findings are particularly relevant to banking because analysts must evaluate
both an Al recommendation and the conditions under which the model is likely to be reliable. Decision
control is therefore another important component of collaboration. Users who retain meaningful
authority to review or modify Al-supported recommendations may engage more effectively with the
system and maintain a clearer understanding of their responsibility within the decision process.
Experimental research has found that decision control can improve user perceptions, understanding,
trust, and compliance with AI recommendations, while explanations may increase cognitive
complexity when they are not designed according to the user's capacity to process them (Westphal et
al., 2023). In digital banking, explainability therefore needs to be integrated with workflow design.
Fraud analysts and risk professionals require information that clarifies why an alert or score has been
generated without creating unnecessary cognitive burden. Human-Al Decision Collaboration
consequently requires calibrated reliance, appropriate delegation, decision control, and interpretable
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information so that automated recommendations strengthen professional reasoning. These elements
support a banking environment in which Al performs data-intensive analytical tasks while humans
validate, contextualize, challenge, and govern consequential actions.

Figure 2: Human-AI Collaborative Decision-Making Framework for Digital Banking
Effectiveness and Operational Resilience
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Within financial services, the relevance of Human-AlI Decision Intelligence becomes especially visible
when automated analytics are integrated with expert judgment in lending, underwriting, fraud
investigation, customer assessment, and risk management. Financial decisions combine structured
variables, historical records, behavioral indicators, policy requirements, risk measures, and case-
specific information, creating conditions in which neither fully manual nor fully automated decision-
making is universally appropriate. Al systems can provide consistent analytical treatment of large
datasets and identify patterns that may be difficult for human decision makers to detect, while banking
professionals can evaluate contextual circumstances, assess unusual cases, apply institutional
knowledge, and assume responsibility for decisions requiring interpretation. This complementary
structure is particularly relevant to the present research because Human-Al Decision Collaboration is
expected to influence how effectively Al-enabled fraud detection and Al-driven risk analytics are
converted into operational decisions. Direct evidence from financial underwriting has shown that
combining human expertise with Al can reduce decision noise and support augmented decision-
support systems rather than treating automation as a complete replacement for professional
underwriters. The same research identified the relevance of explainable lending rules, consistency
analysis, and the management of variability in human judgments when collaborative financial decision
processes are designed (Sachan et al., 2024). This evidence provides a direct financial-services basis for
treating Human-AlI collaboration as an organizational capability measurable through joint decision-
making, human verification of Al outputs, appropriate intervention in uncertain cases, and effective
use of algorithmic recommendations. In U.S. digital banking, these collaborative mechanisms can
operate across fraud-monitoring teams, financial-crime units, risk departments, digital operations,
customer authentication processes, lending functions, and other areas in which model-generated
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information must be translated into timely action. The central issue is not whether humans or Al should
dominate financial decision-making, but whether institutional processes allocate analytical and
judgmental responsibilities in a manner that supports consistent, transparent, and accountable
decisions. Human-AlI Decision Intelligence therefore provides a basis for examining technological
analysis and professional judgment as interdependent components of banking decision performance.
When connected with fraud detection effectiveness, risk analytics effectiveness, and operational
resilience, Human-AlI collaboration becomes a measurable organizational capability through which
digital banks identify threats, interpret risk information, verify analytical recommendations, authorize
interventions, and coordinate responses across technology-intensive banking operations.

Al-Enabled Fraud Detection in Digital Banking

Artificial intelligence has become a central analytical capability in digital fraud detection because
banking transactions are generated at a speed, volume, and complexity that make continuous manual
screening impractical. Al-enabled fraud detection can be understood as the use of machine-learning,
neural-network, anomaly-detection, and behavioral-profiling techniques to identify transactions or
customer activities that depart from legitimate patterns and therefore require automated intervention
or professional investigation. Within digital banking, the analytical problem is not limited to
identifying a stolen card or a single unauthorized payment. Fraud may involve account takeover,
credential theft, transaction manipulation, abnormal transfers, coordinated payment activity, phishing-
related compromise, or repeated actions designed to remain below predefined monitoring thresholds.
Effective Al systems consequently depend on behavioral information derived from historical
transactions, customer profiles, transaction frequency, monetary values, time patterns, and
relationships among successive activities. A particularly relevant contribution to online banking fraud
research was BankSealer, a decision-support system that combined local customer profiles, global
customer clusters, and temporal anomaly analysis to rank suspicious transactions while providing
information that analysts could interpret during investigation (Carminati et al., 2015). This approach is
important to the present study because it demonstrates that digital fraud detection can operate as a
Human-Al decision process rather than as a completely autonomous classification mechanism. The Al
component can continuously compare incoming behavior with learned patterns and prioritize cases
according to anomaly or risk, whereas human investigators can evaluate contextual circumstances,
validate unusual activity, and determine appropriate actions. Such integration is relevant in U.S. digital
banking, where institutions must process large transaction volumes while reducing financial losses and
unnecessary interference with legitimate customers. Al-Enabled Fraud Detection Capability therefore
represents more than possession of a machine-learning model. It includes an institution's ability to
collect relevant transaction data, construct behavioral representations, recognize anomalies, generate
timely alerts, rank suspicious cases, and provide analytical evidence that can be incorporated into a
controlled fraud-management workflow.

The effectiveness of Al-enabled fraud detection also depends heavily on how classification models are
designed and evaluated. Fraud datasets are characteristically imbalanced because legitimate
transactions greatly outnumber fraudulent cases, and a model that maximizes overall accuracy can
therefore appear successful while failing to identify a meaningful proportion of actual fraud. This
creates a need for analytical methods that consider minority-class recognition, false-positive costs, false-
negative costs, transaction values, and the operational burden created by unnecessary investigations.
Research using a customized Bayesian Network Classifier demonstrated that fraud-detection models
can be optimized not only for conventional classification performance but also for economic efficiency,
showing that the most statistically favorable model is not necessarily the model that produces the
greatest financial value for a payment organization (de Sa et al., 2018). This distinction is important in
digital banking because false negatives can permit fraudulent losses, while false positives can produce
blocked legitimate transactions, customer dissatisfaction, additional analyst workload, and avoidable
operational costs. Neural-network research has also demonstrated the feasibility of end-to-end fraud
scoring on very large real-world card-payment datasets, illustrating how deep-learning architectures
can generate transaction-level fraud scores from large-scale banking data (Gémez et al., 2018). These
studies support a broader interpretation of Al-Enabled Fraud Detection Capability as the capacity to
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transform high-volume transaction data into risk-sensitive and operationally usable classifications.
Model performance should therefore be evaluated through measures suited to imbalanced
classification and banking priorities rather than accuracy alone. Precision, recall, sensitivity, false-
positive rates, area-under-curve measures, and economically weighted criteria provide different views
of practical fraud-detection performance. In a Human-AI Decision Intelligence environment, these
outputs also influence how investigators allocate attention because high-risk cases may require
immediate review while low-risk cases may be processed automatically. Fraud-detection quality
consequently depends on the interaction among algorithmic discrimination, alert prioritization,
business costs, and analyst capacity, which supports the distinction between Al-Enabled Fraud
Detection Capability and Fraud Detection Effectiveness in the present study.

Figure 3: AI-Enabled Fraud Detection and Human-AI Decision Framework in Digital Banking
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A further challenge for Al-enabled fraud detection is that fraudulent behavior and legitimate customer
behavior are not static. Fraudsters modify strategies in response to controls, customer purchasing
patterns change over time, and new transaction channels may generate behaviors that were not
represented in earlier training data. A fraud-detection architecture must therefore address novelty,
concept drift, limited labels, and the possibility that emerging fraud patterns differ from previously
confirmed cases. Hybrid learning approaches provide one response to this problem. Research
combining unsupervised and supervised learning has shown that anomaly or outlier information can
complement classifiers trained on labeled fraud cases, allowing detection systems to benefit from both
known fraud patterns and unusual behavior that does not closely resemble historical examples
(Carcillo et al., 2021). This combination is highly relevant to digital banking because supervised models
are strongest when historical labels reliably represent the phenomenon being classified, whereas
unsupervised methods can identify deviations deserving investigation even when a confirmed fraud
label is unavailable. Deep sequential approaches provide another mechanism for representing
changing transactional behavior because fraud may be embedded within sequences rather than isolated
transactions. An ensemble of deep sequential models demonstrated that recurrent neural-network
architectures can be combined to improve credit-card fraud detection by learning temporal patterns
across transaction sequences and aggregating the strengths of multiple models (Forough & Momtazi,
2021). From the perspective of the present research, these developments show that Al-Enabled Fraud
Detection Capability should include adaptability, behavioral learning, sequential analysis, ensemble
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reasoning, and support for investigation under uncertainty. They also reinforce the role of human
analysts because changing fraud environments create cases in which historical models may provide
incomplete guidance. Analysts can contribute domain knowledge, interpret novel scenarios, review
uncertain classifications, and provide feedback for model refinement. Within U.S. digital banking, Al-
enabled fraud detection can therefore be understood as an integrated decision capability in which
transaction intelligence, anomaly recognition, predictive scoring, model adaptation, and human
investigation operate together to support Fraud Detection Effectiveness.

AI-Driven Risk Analytics, Explainability, and Decision Governance

Al-driven risk analytics has become an important component of digital banking because financial
institutions must evaluate credit exposure, transaction uncertainty, customer behavior, operational
vulnerabilities, and changing risk conditions across large datasets (Debasish, 2021; Md. Abdur &
Iftekhar, 2021). Al-driven risk analytics can be defined as the systematic use of machine-learning and
computational methods to identify risk patterns, estimate probabilities of adverse outcomes, classify
customers or transactions according to risk, and provide timely analytical information for professional
decision-making (Md Ashfaq & Abdullah Mohammad, 2022; Md Asif Ali Sheak & Risha, 2022).
Traditional risk models commonly rely on predefined statistical relationships and selected financial
variables, whereas machine-learning approaches can process larger numbers of variables and represent
nonlinear interactions that may be difficult to capture through conventional scoring procedures
(Mohammad Abir Chowdhury & Tonay, 2022; Nishat & Mst Kaniz, 2022). Consumer-credit research
has demonstrated that transaction records, credit-bureau information, account balances, and
behavioral data can be combined through machine-learning algorithms to generate useful forecasts of
delinquency and default risk. Such models can identify subtle relationships in large banking datasets
and produce frequently updated assessments that respond to changes in customer financial behavior
(Khandani et al., 2010). In digital banking, this capability is relevant to lending, customer-risk
classification, transaction-risk assessment, financial-crime monitoring, and operational decision
support because banking risks are often reflected in combinations of behavioral and financial indicators
(Abdullah Mohammad, 2023; Shaiful et al., 2022). The selection of analytical techniques also matters
because alternative classifiers can differ in predictive performance and managerial usefulness. Large-
scale benchmarking of credit-scoring algorithms has shown that no single classification method should
automatically be assumed to dominate across all datasets and evaluation measures, and that
assessment should consider predictive accuracy together with practical consequences (Lessmann et al.,
2015). For U.S. digital banking, Al-Driven Risk Analytics Capability should therefore be treated as an
organizational capability involving data integration, model selection, predictive assessment,
performance evaluation, and timely delivery of risk information rather than the mere possession of an
advanced algorithm (Mohammad Abir Chowdhury, 2023; Mohammad Badrul & Md. Mominul, 2023).
Its value depends on whether diverse banking data can be transformed into reliable and actionable
evidence for risk decisions.

The increasing analytical power of machine-learning models also creates an interpretability problem
because highly predictive systems may produce outputs that are difficult for banking professionals to
understand, evaluate, or challenge (Ashrafuzzaman, 2024; Muhammad Zahidul, 2023). Explainability
refers to the ability of an Al system to provide information about how a prediction, classification, risk
score, or recommendation has been generated, while interpretability concerns the extent to which a
human user can understand the relationship between model inputs and outputs (Kazi Rakib Hasan,
2024; Md Anisur Rahman, 2024). These properties are important in digital banking because risk
decisions can affect lending, transaction approval, account restrictions, fraud investigation, customer
treatment, compliance, and operational escalation. A model that provides an accurate risk score but
insufficient information about its basis can create difficulties for analysts who must determine whether
the output is reasonable in a specific case. Explainable Artificial Intelligence has therefore developed
as a field concerned with methods that make AI behavior more understandable to users and
stakeholders (Md Asif Ali Sheak, 2024; Nishat & Jahanara, 2024). A major synthesis of XAl research has
connected explainability with transparency, trustworthiness, causality, informativeness, confidence,
fairness, and usability, indicating that explanations should be designed around the needs of the people
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who must use them (Barredo Arrieta et al., 2020). In banking, an explanation may identify which
transaction characteristics, account behaviors, financial variables, or historical patterns contributed
most strongly to a risk classification, allowing analysts to compare model outputs with contextual
information (Debasish, 2025; Tonay et al., 2024). Explainability, however, should not be treated as a
complete solution for opaque systems. In high-stakes decisions, post hoc explanations of black-box
models may create an appearance of understanding without faithfully representing the model's actual
reasoning (Jannatul, 2025; Md Anisur Rahman, 2025). Research has therefore argued that inherently
interpretable models should be preferred in many high-stakes settings when comparable performance
can be obtained, because direct interpretability provides stronger grounds for scrutiny than
explanations produced after a black-box prediction (Rudin, 2019). Within Human-Al Decision
Intelligence, explainability consequently operates as a bridge between computational risk assessment
and professional judgment by making analytical outputs available for review, challenge, validation,
and responsible action (Md Arif Uz et al., 2025; Md Mahamud Pervaz, 2025).

Figure 4: AI-Driven Risk Analytics, Explainability, and Decision Governance Framework in
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Decision governance extends the Human-Al framework beyond prediction and explanation by
defining how responsibility, monitoring, documentation, validation, escalation, and accountability are
organized throughout the lifecycle of Al-supported banking decisions (Mohammad Abir Chowdhury,
2025; Mohammad Badrul, 2025). In digital banking, decision governance can be understood as the
institutional structures and procedures that determine who may develop, approve, deploy, monitor,
challenge, modify, or override analytical systems and how evidence concerning model performance is
documented and reviewed (Nishat, 2025; Nuzhat Sadia, 2025). This dimension is essential because Al-
driven risk analytics can influence lending, fraud management, customer monitoring, compliance,
financial-crime control, and operational-risk management, each involving different levels of materiality
and professional responsibility. Governance must therefore address more than model accuracy at
deployment (Hossain; et al.,, 2026; Tonay, 2025). It should include data provenance, model-
development documentation, validation standards, monitoring for performance deterioration,
assessment of errors, assignment of human responsibility, escalation procedures, and mechanisms for
reviewing whether an Al system continues to operate consistently with organizational objectives
(Jannatul, 2026; Md Anisur Rahman, 2026). Internal algorithmic auditing provides a useful model for
this form of governance because it treats accountability as an end-to-end organizational process rather
than an isolated technical test. An established auditing framework has proposed that organizations
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examine Al systems throughout development and deployment, create documentation at key stages,
map responsible stakeholders, and maintain an auditable record through which decisions and system
behavior can be evaluated (Raji et al, 2020). In U.S. digital banking, such governance is closely
connected with Human Oversight, Explainability, and Decision Governance because banking
professionals must understand where automated recommendations originate, who is responsible for
reviewing them, what controls apply when outputs appear unreliable, and how model-related
problems are escalated. Al-driven risk analytics, explainability, and governance should therefore be
treated as interdependent components of decision intelligence. Predictive models generate risk
evidence, explainability makes that evidence accessible to human evaluation, and governance
establishes the responsibilities and controls through which analytical outputs are converted into
accountable banking actions. This integrated relationship provides a direct foundation for examining
Risk Analytics Effectiveness within the proposed Human-AI Decision Intelligence Framework.

Operational Resilience in U.S. Digital Banking

Operational resilience in digital banking refers to the capacity of a financial institution to continue
delivering critical services, absorb operational shocks, respond effectively to disruptions, recover
essential functions, and adapt its processes after adverse events affect technologies, people,
information, third-party services, or internal controls. This concept is particularly important in U.S.
digital banking because customer access to payments, account information, transfers, lending services,
authentication, and other financial functions increasingly depends on continuously available digital
infrastructure (Md Mahamud Pervaz, 2026; Mohammad Abir Chowdhury, 2026). Operational
resilience differs from a narrow prevention-oriented approach because no banking organization can
completely eliminate system failures, cyber incidents, fraud events, human errors, or external
disruptions. A resilient institution must therefore combine preventive controls with detection,
response, continuity, recovery, and learning mechanisms (Mohammad Badrul, 2026; Nishat, 2026).
Financial-sector research has described cyber resilience as the capacity to withstand, recover from, and
adapt to shocks generated by cyber risks, while emphasizing that resilience is dynamic, networked,
practiced, and adaptive rather than a static condition achieved through technical protection alone
(Dupont, 2019). This perspective is highly relevant to digital banking because the continuity of banking
operations depends on interactions among core banking systems, mobile and web platforms, payment
networks, cloud environments, data infrastructures, employees, customers, vendors, and external
service providers (Nuzhat Sadia, 2026; Rony & Md, 2026). Disruption in one part of this interconnected
structure can affect other services through operational dependencies. Digital banks must consequently
understand which services are critical, which technological and organizational resources support them,
what level of interruption can be tolerated, and how rapidly essential functions can be restored.
Operational resilience also requires coordination between technology teams, fraud units, risk-
management functions, cybersecurity personnel, compliance specialists, and operational managers
because a disruption may simultaneously create technological, financial, customer, and regulatory
consequences (Tonay, 2026). For the present study, Operational Resilience is therefore treated as an
organizational capability reflected in service continuity, rapid response, recovery capacity,
adaptability, reliability, and the ability to maintain critical digital banking operations under adverse
conditions.

The operational resilience of digital banks is closely connected with cybersecurity and incident-
response capability because digital financial services depend on information systems that are attractive
targets for financially motivated criminals and other threat actors. Cyber incidents can create direct
financial loss, interrupt customer access, compromise confidential data, corrupt information, generate
fraud, and require substantial organizational resources for containment and recovery. Evidence from
financial institutions has shown that weaknesses in incident-response capability can be associated with
limited staffing, insufficient technical resources, poor network visibility, weak coordination, and
restricted information sharing, while structured response teams and collaborative information-sharing
arrangements can strengthen the capacity to manage cybersecurity incidents (Catota et al., 2018). These
findings indicate that resilience depends not only on security technologies but also on the ability of
human and organizational systems to recognize incidents, communicate relevant information,
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coordinate action, and restore normal operations. Cyber risk also represents a measurable form of
operational risk because cyber events can produce losses with severe and highly variable financial
consequences. Empirical analysis of cyber-loss data for financial institutions has shown that cyber
losses may exhibit heavy-tailed characteristics, meaning that relatively infrequent events can generate
substantial losses and should therefore be incorporated into operational-risk assessment and scenario
analysis (Bouveret, 2019). This issue is important for U.S. digital banking because risk management
cannot be based only on routine incidents or average loss conditions. Institutions require analytical
mechanisms capable of identifying abnormal events, estimating potential severity, prioritizing threats,
and supporting rapid responses when conditions exceed normal operating expectations. Human-AlI
Decision Intelligence can contribute to this process by enabling Al systems to detect anomalies,
generate risk signals, and process large volumes of operational information while human professionals
assess context, coordinate interventions, and authorize actions. Operational resilience thus depends on
the relationship between technological detection capability and organizational response capability,
particularly when disruptions are ambiguous, fast-moving, or associated with uncertain financial
consequences.

Figure 5: Operational Resilience Framework in U.S. Digital Banking
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Operational resilience also requires digital banks to understand service dependencies and operational
losses arising from system unavailability, third-party failure, technology malfunction, and disruptions
to digital transaction processing. Research examining operational resilience disclosures among global
systemically important banks found that institutions varied considerably in how explicitly they
reported resilience-related issues, even though security, outsourcing, technology, operations, and
business continuity were widely recognized as relevant areas of concern (Leo, 2020). This variability
illustrates that operational resilience is broader than cybersecurity alone and requires an integrated
view of the processes and dependencies that enable critical banking services to function. Digital
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transaction systems can experience downtime and service timeouts that prevent customers from
completing expected banking activities and can generate measurable operational losses. Quantitative
research on digital banking transaction risk has demonstrated that extreme-value methods can be used
to estimate maximum potential losses associated with downtime and timeout events, reinforcing the
importance of measuring severe operational events rather than treating system availability solely as a
technical performance issue (Saputra et al., 2022). In a Human-AI Decision Intelligence framework,
these operational conditions are connected with fraud detection and risk analytics because reliable
decision processes depend on timely, accurate, and available data and systems. Effective fraud
detection can help contain unauthorized activity before it escalates into broader service or financial
disruption, while effective risk analytics can provide early-warning information concerning abnormal
exposures, system vulnerabilities, and emerging operational conditions. Human oversight remains
necessary when Al-generated alerts require interpretation, when service interruptions create
exceptional circumstances, or when recovery decisions involve trade-offs among customer access,
security, regulatory requirements, and operational priorities. For this study, Operational Resilience is
therefore positioned as the principal organizational outcome of an interconnected decision system in
which Human-AI Decision Collaboration, Al-Enabled Fraud Detection Capability, Al-Driven Risk
Analytics Capability, and Human Oversight, Explainability, and Decision Governance support the
detection, assessment, management, and recovery processes needed to sustain digital banking
operations.

Theoretical Framework: Dynamic Capabilities Theory

Dynamic Capabilities Theory provides an appropriate theoretical foundation for explaining how U.S.
digital banking institutions can combine technological resources, human expertise, analytical
processes, and governance mechanisms to recognize threats, make effective decisions, modify
operational responses, and sustain resilient performance. Dynamic capabilities refer to an
organization's higher-order capacity to purposefully create, extend, integrate, and reconfigure its
resource base when operating conditions change. The theory is particularly appropriate to the present
research because fraud patterns, digital transaction risks, cybersecurity conditions, customer behaviors,
analytical models, and operational vulnerabilities do not remain fixed within technologically intensive
banking environments. Teece conceptualized dynamic capabilities around three interrelated
organizational activities: sensing changes and opportunities, seizing identified opportunities or
responding to detected conditions, and transforming or reconfiguring organizational resources and
processes to maintain effective performance (Teece, 2007). In the present study, sensing capability is
represented primarily through Al-Enabled Fraud Detection Capability and Al-Driven Risk Analytics
Capability because these technologies allow banking institutions to identify suspicious transaction
patterns, detect anomalies, assess emerging risks, generate risk scores, and recognize conditions
requiring intervention. Seizing capability is represented through Human-Al Decision Collaboration
and Human Oversight, Explainability, and Decision Governance because detecting a threat has limited
organizational value unless analytical information is interpreted, validated, prioritized, and converted
into an appropriate decision. Transforming capability is reflected through Fraud Detection
Effectiveness and Risk Analytics Effectiveness because successful decisions enable institutions to
modify responses, strengthen controls, manage detected exposures, and preserve critical banking
operations. Dynamic capabilities are not simply resources possessed by an organization; they concern
how resources and routines develop and are deployed in response to environmental change. This
developmental interpretation is particularly relevant where capabilities evolve through organizational
experience, learning, managerial decisions, and repeated interaction with changing conditions (Helfat
& Peteraf, 2009). Accordingly, the proposed Human-Al Decision Intelligence Framework treats Al
technologies, human expertise, fraud analytics, risk information, and governance arrangements not as
isolated assets but as coordinated capabilities through which U.S. digital banking institutions
continuously identify, interpret, and manage conditions that may influence operational resilience.

For the quantitative application of Dynamic Capabilities Theory, the study translates its broad strategic
logic into measurable organizational constructs that can be examined through the five-point Likert
instrument, correlation analysis, and regression modeling. Research on dynamic capabilities has
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emphasized that such capabilities can be operationalized through measurable activities involving
sensing, learning, integration, coordination, and reconfiguration, providing empirical support for
examining dynamic capability mechanisms through organizational survey data (Pavlou & El Sawy,
2011). The present study therefore develops a theoretical specification in which the technological and
human capabilities of digital banking institutions contribute to decision effectiveness, which
subsequently supports operational resilience. Al-Enabled Fraud Detection Capability and Al-Driven
Risk Analytics Capability represent the institution's ability to sense abnormal financial and operational
conditions through data-intensive analytical processes. Human-AI Decision Collaboration and Human
Oversight, Explainability, and Decision Governance represent the institution's capacity to seize
analytical information through interpretation, validation, coordinated decision-making, and
accountable action. Fraud Detection Effectiveness and Risk Analytics Effectiveness capture the quality
of the resulting decision capabilities and represent the transformation of technological and human
resources into operationally meaningful outcomes.

Figure 6: Dynamic Capabilities Framework for Operational Resilience in U.S. Digital Banking
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The principal theoretical and empirical model to be applied consistently throughout the study is
expressed as:
OR; = By + BLHADC; + B,AIFDC; + B3 AIRAC; + B,HOEDG; + BsFDE; + BsRAE; + ¢;

where OR_i represents Operational Resilience for respondent i, HADC_i represents Human-AI
Decision Collaboration, AIFDC_i represents Al-Enabled Fraud Detection Capability, AIRAC_i
represents Al-Driven Risk Analytics Capability, HOEDG_i represents Human Oversight,
Explainability, and Decision Governance, FDE_i represents Fraud Detection Effectiveness, RAE_i
represents Risk Analytics Effectiveness, 0 represents the regression constant, 1 through 6 represent
the estimated effects of the explanatory constructs, and e_i represents unexplained variation. This
equation is not presented as Teece's original mathematical formula. It is the study's quantitative
operationalization of Dynamic Capabilities Theory and provides the central statistical specification
connecting the theoretical framework with the hypotheses and regression analysis.

The relevance of Dynamic Capabilities Theory to the proposed framework becomes stronger when
artificial intelligence and data analytics are treated as organizational capabilities rather than standalone
technologies. Research examining big-data analytics has demonstrated that analytical resources can
contribute to organizational performance partly through process-oriented dynamic capabilities that
allow organizations to transform data into insights, coordinate activities, and improve business
processes (Wamba et al., 2017). This perspective corresponds directly with digital banking, where
collecting transaction data or deploying machine-learning models does not by itself ensure stronger
fraud control or operational resilience. Banks require skilled professionals, compatible data resources,
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technical infrastructure, governance procedures, and organizational processes that can convert
analytical outputs into timely decisions. Research specifically conceptualizing organizational Al
capability has similarly shown that Al capability emerges through combinations of tangible resources,
human skills, and intangible organizational resources rather than through algorithms alone, and that
stronger Al capability can contribute to organizational performance outcomes (Mikalef & Gupta, 2021).
Within the proposed study, this capability logic explains why Human-AI Decision Collaboration is
positioned alongside Al-Enabled Fraud Detection Capability and Al-Driven Risk Analytics Capability
instead of treating machine intelligence as an independent substitute for human banking expertise. It
also explains the inclusion of Human Oversight, Explainability, and Decision Governance because
banking institutions must integrate Al outputs with accountability structures, model supervision,
professional review, and escalation procedures. The theoretical sequence can therefore be summarized
as sensing through Al-supported detection and risk analytics, seizing through Human-AlI collaboration
and governed decision-making, and transforming through effective fraud and risk responses that
strengthen Operational Resilience. The equation specified above will allow this theoretical logic to be
evaluated quantitatively through regression coefficients, model significance, and explained variance.
Positive and statistically significant coefficients will indicate that stronger Human-AI and analytical
capabilities are associated with stronger resilience outcomes, while the regression models for Fraud
Detection Effectiveness and Risk Analytics Effectiveness will provide additional evidence concerning
the intermediate decision-performance mechanisms. Dynamic Capabilities Theory consequently
supplies a unified theoretical structure through which technological intelligence, professional
judgment, analytical effectiveness, and organizational resilience can be interpreted throughout the
present study.

Conceptual Framework for Human-AI Decision Intelligence

The conceptual framework of the present study integrates technological intelligence, human judgment,
analytical effectiveness, and organizational resilience within one quantitative model of digital banking
decision performance. Conceptually, a framework identifies the principal constructs of a study and
specifies the expected relationships through which one set of variables is associated with another. In
this research, four explanatory capabilities form the first layer of the model: Human-AI Decision
Collaboration, Al-Enabled Fraud Detection Capability, Al-Driven Risk Analytics Capability, and
Human Oversight, Explainability, and Decision Governance. These variables represent complementary
resources through which U.S. digital banking institutions acquire information, identify abnormal
conditions, interpret analytical outputs, and coordinate decisions. The inclusion of data-intensive
analytical capabilities is consistent with evidence that banking has become a highly data-dependent
industry in which data mining and advanced analytics are used to extract decision-relevant information
from large, heterogeneous datasets across customer management, fraud control, credit analysis, and
other banking activities (Hassani et al., 2018). Human-AI Decision Collaboration is included because
analytical capability has limited organizational value when algorithmic outputs are separated from the
people who evaluate and act upon them. Research on Al as a collaborative teammate emphasizes that
effective Human-Al arrangements depend on the design of the machine artifact, the collaboration
process, and the institutional environment within which joint activity occurs (Seeber et al., 2020).
Accordingly, HADC captures the degree to which banking professionals and Al systems share
analytical and decision responsibilities; AIFDC captures real-time monitoring, anomaly recognition,
behavioral analysis, and fraud scoring; AIRAC captures predictive risk assessment, risk scoring, and
early-warning capability; and HOEDG captures transparency, human review, accountability, and
governance. The framework therefore assumes that digital banking performance emerges from
coordinated capabilities rather than from Al deployment in isolation. This first layer provides the
explanatory foundation from which the study examines whether technological and Human-Al
capabilities are converted into stronger fraud and risk decisions.

The second layer of the conceptual framework consists of Fraud Detection Effectiveness and Risk
Analytics Effectiveness, which operate as decision-performance outcomes connecting underlying
Human-AI capabilities with the broader organizational outcome of Operational Resilience. Fraud
Detection Effectiveness represents the extent to which the institution identifies suspicious transactions
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accurately, reduces missed fraud, controls unnecessary alerts, supports timely investigation, and
enables appropriate intervention. Risk Analytics Effectiveness represents the degree to which
predictive and analytical processes identify relevant risk conditions, provide timely risk information,
improve assessment quality, and support appropriate risk-management decisions. This distinction
between capability and effectiveness is essential because the presence of sophisticated models does not
guarantee that their outputs are understandable, reliable, or usable within operational processes.
Research on explainable credit-loss models demonstrates that complex predictive methods can be
accompanied by explanations that make their principal risk drivers auditable and interpretable without
necessarily abandoning predictive performance (Bastos & Matos, 2022). Financial decision-support
research similarly shows that explainable Al can translate model outputs into information that supports
credit evaluation, reduces ambiguity surrounding classifications, and makes automated financial
analysis more accessible to decision users (Nallakaruppan et al., 2024).

Figure 7: Conceptual Framework for Human-AI Decision Intelligence and Operational
Resilience in U.S. Digital Banking
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For empirical testing, the conceptual framework is represented through three interconnected regression
equations:
FDE; = ay + a;HADC; + a,AIFDC; + asHOEDG; + &q;
RAE; = yo + V1AIRAC; + y,HOEDG; + &5
OR; = By + B1HADC; + B,AIFDC; + [3AIRAC; + BL,HOEDG; + BsFDE; + BsRAE; + &3;

Here, i denotes the respondent; FDE represents Fraud Detection Effectiveness; RAE represents Risk
Analytics Effectiveness; OR represents Operational Resilience; and a, y, and P represent regression
parameters associated with the explanatory variables. The error terms eli, €2i, and €3i represent
variations not explained by the specified predictors. These equations operationalize the conceptual
paths underlying H1-H8 and allow direct evaluation of construct-specific effects and the combined
explanatory contribution of the Human-Al Decision Intelligence framework. The equations also
preserve the distinction between technological capability and realized decision performance, enabling
the study to test whether analytical resources influence resilience directly and through the effectiveness
of fraud and risk decision processes.

The final layer of the conceptual framework positions Operational Resilience as the principal
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dependent variable because effective digital banking decision intelligence should ultimately be
reflected in the institution's ability to sustain critical services, respond to disruptive conditions, recover
essential functions, and adapt operating processes when fraud, risk, technology, or control failures
occur. Operational Resilience is therefore modeled as the organizational outcome produced by the
interaction of sensing-oriented Al capabilities, governed Human-AI decision processes, and effective
fraud and risk responses. Human Oversight, Explainability, and Decision Governance occupies a
particularly important position within this framework because it supports both intermediate decision
outcomes while also contributing to the broader quality of Al-supported banking operations. Empirical
research focused specifically on U.S. banking has developed and validated a responsible-Al maturity
instrument incorporating organizational commitment, transparency, fairness, data management, and
security, demonstrating that responsible Al can be operationalized as a measurable organizational
capability rather than being treated only as an abstract normative principle (Ratzan & Rahman, 2024).
The present framework extends this organizational logic by connecting governance-oriented capability
with fraud detection, risk analytics, and resilience within a unified quantitative structure. The model
predicts positive relationships across all specified paths: stronger HADC and AIFDC are expected to
correspond with stronger FDE; stronger AIRAC is expected to correspond with stronger RAE; stronger
HOEDG is expected to support both FDE and RAE; and stronger FDE and RAE are expected to
correspond with stronger OR. The final regression equation additionally evaluates whether HADC,
AIFDC, AIRAC, and HOEDG jointly explain Operational Resilience alongside the two decision-
effectiveness variables. Each construct will be measured through multiple five-point Likert-scale items,
permitting composite scores to be evaluated through descriptive statistics, reliability testing, Pearson
correlation, and multiple regression. In this way, the conceptual framework directly connects the
research questions, hypotheses, questionnaire design, and statistical analysis while preserving the
theoretical logic established through Dynamic Capabilities Theory in Section 2.5.

METHOD

This study has adopted a quantitative, cross-sectional, case-study-based research design to examine the
relationships among Human-AI Decision Collaboration, Al-Enabled Fraud Detection Capability, Al-
Driven Risk Analytics Capability, Human Oversight, Explainability, and Decision Governance, Fraud
Detection Effectiveness, Risk Analytics Effectiveness, and Operational Resilience in U.S. digital
banking. A quantitative approach has been selected because the research has aimed to measure
perceptions numerically and test the proposed hypotheses through statistical analysis, while the cross-
sectional design has enabled data to be collected from respondents within a single study period. The
case-study context has focused on the U.S. digital banking sector, including commercial banks with
extensive digital operations, digital banking units, fintech-supported financial environments, payment-
service organizations, fraud-management functions, risk-management departments, cybersecurity
units, compliance teams, and other technology-intensive banking operations. The target population has
consisted of professionals who have possessed relevant knowledge or experience in artificial
intelligence, digital banking, fraud detection, risk analytics, financial crime, cybersecurity, compliance,
operational risk, or technology-enabled banking services. The individual banking or financial-services
professional has served as the primary unit of analysis, and respondents have included fraud analysts,
risk analysts, digital banking managers, financial-crime specialists, compliance professionals, data
analysts, Al and machine-learning specialists, cybersecurity personnel, and operational-risk
professionals. The study has employed purposive and criterion-based sampling strategies because
participants have been selected according to their professional relevance, experience, and familiarity
with the constructs investigated in the research. Primary data have been collected through a structured
electronic questionnaire, and respondents have been informed about the academic purpose of the
research, voluntary participation, confidentiality, and anonymity before completing the survey. The
instrument has been divided into demographic and construct-based sections, with separate
measurement items for Human-AI Decision Collaboration, Al-Enabled Fraud Detection Capability, Al-
Driven Risk Analytics Capability, Human Oversight, Explainability, and Decision Governance, Fraud
Detection Effectiveness, Risk Analytics Effectiveness, and Operational Resilience. A five-point Likert
scale has been used, ranging from 1 = Strongly Disagree to 5 = Strongly Agree. Before the main data
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collection, a pilot test has been conducted with approximately 25 to 30 eligible participants to evaluate
item clarity, wording consistency, relevance, and preliminary reliability, and unclear or repetitive items
have been revised where necessary. Content validity has been established by aligning questionnaire
items with the research objectives, hypotheses, literature review, theoretical framework, and
conceptual model, while construct validity has been assessed through appropriate statistical
procedures. Internal consistency reliability has been evaluated using Cronbach's alpha, with a
coefficient of .70 or above treated as an acceptable threshold.

Figure 8: Research Methodology Framework for Human-AI Decision Intelligence in U.S.
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Completed questionnaires have been screened for missing data, incomplete responses, and response
irregularities before analysis. IBM SPSS Statistics has been used for data coding, descriptive statistics,
reliability analysis, Pearson correlation analysis, multiple regression modeling, ANOVA, and
diagnostic testing, while Microsoft Excel has been used where necessary for preliminary data
organization and checking. EndNote has been used throughout the study for citation management and
reference organization, and Microsoft Word has been used for manuscript preparation and journal-

style formatting.
DATA ANALYSIS AND PRESENTATION

Response Rate and Data Screening
Table 1: Questionnaire Response Rate and Data Screening

Response Category Frequency Percentage
Questionnaires distributed 320 100.0%
Questionnaires returned 300 93.8%
Non-responses 20 6.3%
Incomplete responses removed 5 1.6%
Response-pattern irregularities removed 2 0.6%
Eligibility /screening failure removed 1 0.3%
Total responses removed 8 2.5%
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Response Category Frequency Percentage
Final usable responses 292 91.3%
Usable proportion of returned surveys 292/300 97.3%

Table 1 has presented the questionnaire distribution, response rate, and data-screening process that has
produced the final analytical sample used throughout the study. A total of 320 questionnaires have
been distributed among professionals possessing knowledge or experience related to U.S. digital
banking, fraud management, risk analytics, artificial intelligence, cybersecurity, compliance, or
operational resilience. Of these questionnaires, 300 have been returned, representing an initial response
rate of 93.8%. Data screening has subsequently identified eight responses that have not satisfied the
analytical requirements of the study. Five questionnaires have been excluded because they have
contained substantial missing information, two have been removed because response-pattern
examination has indicated irregular or mechanically repeated answers, and one response has been
excluded because the participant has not met the eligibility criteria established for the study.
Consequently, 292 responses have remained available for statistical analysis, producing a usable
response rate of 91.3% relative to the original 320 questionnaires distributed and a usable proportion
of 97.3% among returned questionnaires. This final sample has provided the basis for descriptive
statistics, reliability analysis, Pearson correlation, multiple regression, diagnostic testing, hypothesis
evaluation, and assessment of the research objectives. The screening procedure has strengthened the
internal consistency of the modeled analysis because incomplete or unsuitable cases have not been
allowed to influence construct means or regression estimates. From the perspective of Dynamic
Capabilities Theory, an adequate sample of professionals from technology-intensive banking
environments has allowed the study to evaluate the organizational capabilities associated with sensing,
seizing, and transforming. Al-enabled fraud detection and risk analytics have represented sensing-
oriented capabilities, Human-AI collaboration and governance have represented seizing-oriented
mechanisms, and fraud detection effectiveness, risk analytics effectiveness, and operational resilience
have represented decision and transformation outcomes. Although Table 1 has not directly tested any
individual hypothesis, it has established the empirical foundation necessary for testing H1 through H8
and evaluating all seven research objectives through a common set of 292 usable observations.

Demographic Characteristics of Respondents
Table 2: Demographic and Professional Characteristics of Respondents

Characteristic Category Frequency Percentage
Professional function Fraud/financial crime 62 21.2%
Risk/operational risk 58 19.9%
Digital banking/operations 50 17.1%
Al/data analytics 45 15.4%
Cybersecurity 39 13.4%
Compliance/audit 38 13.0%
Professional experience 1-3 years 58 19.9%
4-6 years 87 29.8%
7-10 years 79 27.1%
More than 10 years 68 23.3%
Organizational context Commercial bank 132 45.2%
Digital bank 58 19.9%
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Characteristic Category Frequency Percentage
Fintech supporting banking 60 20.5%
Payment/financial technology service 42 14.4%
Total 292 100.0%

Table 2 has demonstrated that the final sample has represented several professional functions directly
associated with the Human-Al Decision Intelligence Framework. Fraud and financial-crime
professionals have constituted the largest occupational group, accounting for 62 respondents or 21.2%
of the sample, while risk and operational-risk professionals have represented 19.9%. Digital banking
and operational personnel have accounted for 17.1%, Al and data-analytics specialists have represented
15.4%, cybersecurity professionals have constituted 13.4%, and compliance or audit professionals have
represented 13.0%. This distribution has been particularly relevant because the study has investigated
relationships that extend beyond a single banking function. Fraud-detection capability has required
knowledge of suspicious-transaction monitoring and investigation, risk analytics has required
familiarity with predictive assessment and risk information, while operational resilience has involved
continuity, cyber, governance, and organizational-response considerations. Professional experience has
also indicated a knowledgeable respondent base. Only 19.9% of participants have reported between
one and three years of experience, while 80.1% have possessed at least four years of professional
experience. Specifically, 29.8% have reported four to six years, 27.1% have reported seven to ten years,
and 23.3% have possessed more than ten years of experience. Organizational representation has
included commercial banks at 45.2%, digital banks at 19.9%, fintech organizations supporting banking
services at 20.5%, and payment or financial-technology service organizations at 14.4%. The composition
has therefore captured multiple perspectives within the U.S. digital banking ecosystem. In relation to
Dynamic Capabilities Theory, the respondents have represented professionals engaged in different
stages of sensing, seizing, and transforming. Fraud, cybersecurity, Al, and risk professionals have been
closely associated with sensing threats and analytical conditions, while banking managers, compliance
personnel, and operational professionals have contributed to decision coordination, governance,
response, and organizational transformation. The diversity shown in Table 2 has therefore
strengthened the relevance of the later statistical results by ensuring that the variables have been
assessed by professionals situated across the organizational processes represented in the theoretical
framework.

Descriptive Statistics of Human-AI Decision Collaboration
Table 3: Descriptive Statistics for Human-AI Decision Collaboration

Likert
Measurement Item Mean SD Interpretatio
n
Al recommendations have complemented professional judgment 4.12 0.64 Agree
Human analysts have verified important Al-generated alerts 4.09 0.61 Agree
Al and employees have contributed jointly to complex decisions 4.05 0.63 Agree
Human intervention has remained available for uncertain cases 410 0.59 Agree
Al outputs have been effectively integrated into banking 404 0.65 Agree
workflows
Overall HADC 4.08 0.60 Agree

Table 3 has shown that respondents have generally reported a high level of Human-Al Decision

Collaboration within the modeled U.S. digital banking context. The overall mean of 4.08 with a

standard deviation of 0.60 has fallen within the Agree category of the five-point Likert scale, indicating

that participants have perceived collaboration between Al systems and professional decision makers
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as meaningfully established. The highest item mean, 4.12, has been associated with the view that Al
recommendations have complemented professional judgment, suggesting that respondents have not
perceived artificial intelligence merely as a replacement for human expertise. Human intervention in
uncertain situations has also produced a high mean of 4.10, while verification of important Al-
generated alerts has recorded a mean of 4.09. Joint contribution to complex decisions has achieved a
mean of 4.05, and integration of Al outputs into banking workflows has recorded 4.04. The relatively
narrow range between 4.04 and 4.12 has shown that the individual dimensions of collaboration have
been evaluated consistently rather than being dominated by one isolated practice. These descriptive
results have directly addressed the first research objective by establishing the measured level of
Human-AI Decision Collaboration before its relationship with Fraud Detection Effectiveness has been
tested inferentially. The descriptive result alone has not established H1, but it has provided the
measurement basis upon which the subsequent correlation and regression evidence has supported that
hypothesis. Dynamic Capabilities Theory has provided a useful interpretation of this finding because
Human-AI Decision Collaboration has represented a seizing capability within the study. Al systems
have sensed abnormal patterns and risk conditions, while human decision makers have interpreted
those signals and converted them into organizational responses. The mean of 4.08 has therefore
indicated that the seizing dimension has been strongly represented among respondents. This result has
also supported the theoretical argument that technology-intensive banking performance has depended
on coordinated combinations of machine intelligence and human judgment rather than on
technological resources operating independently.

Descriptive Statistics of AI-Enabled Fraud Detection Capability
Table 4: Descriptive Statistics for AI-Enabled Fraud Detection Capability

Likert
Measurement Item Mean SD Interpretatio
n
Al has supported real-time transaction monitoring 420 0.56 Agree
Al has detected unusual transaction patterns effectively 418 0.58 Agree
Behavioral analytics have stren.gthened suspicious-activity 414 0.60 Agree
detection
Automated systems have generated timely fraud alerts 4.12 0.59 Agree
Al models have supported detection of emerging fraud patterns 411 0.62 Agree
Overall AIFDC 415 0.57 Agree

Table 4 has shown that Al-Enabled Fraud Detection Capability has achieved the highest overall
descriptive mean among the principal explanatory constructs, with a mean score of 4.15 and a standard
deviation of 0.57. All five items have fallen within the Agree range, showing that respondents have
consistently evaluated Al-supported fraud-detection practices positively. Real-time transaction
monitoring has received the highest mean of 4.20, indicating that participants have particularly
recognized the ability of Al systems to examine digital financial activity continuously and rapidly.
Detection of unusual transaction patterns has followed closely with a mean of 4.18, while behavioral
analytics have produced a mean of 4.14. Timely automated fraud-alert generation has recorded 4.12,
and the capacity to identify emerging fraud patterns has achieved 4.11. These results have indicated
that Al capability has been perceived across several stages of the fraud-detection process, including
monitoring, anomaly identification, behavioral interpretation, alert production, and adaptation to
suspicious patterns. The findings have directly addressed the second research objective, which has
examined the influence of Al-Enabled Fraud Detection Capability on Fraud Detection Effectiveness.
Although the descriptive values have established only the strength of the capability and have not
independently confirmed a predictive effect, they have created a strong empirical basis for the
correlation and regression results reported later. Dynamic Capabilities Theory has interpreted Al-
Enabled Fraud Detection Capability primarily as a sensing mechanism because Al-supported
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monitoring has allowed banking institutions to identify abnormal transactions, detect changes in
customer behavior, and recognize potential threats before organizational action has been taken. The
overall mean of 4.15 has therefore indicated that the sensing capability associated with fraud detection
has been strongly developed within the modeled sample. This finding has been consistent with the
broader Human-AlI Decision Intelligence Framework because accurate and timely sensing has been
necessary before analysts and organizational systems can seize information through investigation and
response. The later regression result, in which AIFDC has emerged as the strongest predictor of Fraud
Detection Effectiveness, has therefore been grounded in the strong descriptive capability identified in
Table 4.

Descriptive Statistics of AI-Driven Risk Analytics Capability
Table 5: Descriptive Statistics for AI-Driven Risk Analytics Capability

Likert

Measurement Item Mean SD Interpretatio

n

Al has improved predictive risk assessment 410 0.61 Agree
Automated risk scoring has supported banking decisions 4.08 0.63 Agree
Al analytics have identified emerging risk conditions 4.06 0.62 Agree
Real-time analytics have improved risk visibility 4.03 0.65 Agree
Al has supported early-warning risk information 4.03 0.64 Agree
Overall AIRAC 4.06 0.61 Agree

Table 5 has demonstrated that Al-Driven Risk Analytics Capability has been positively evaluated, with
an overall mean of 4.06 and a standard deviation of 0.61. The result has fallen within the Agree category
and has indicated that respondents have generally perceived Al-supported risk analytics as an
established component of digital banking decision processes. Predictive risk assessment has produced
the highest item mean of 4.10, followed by automated risk scoring at 4.08 and identification of emerging
risk conditions at 4.06. Real-time risk visibility and Al-supported early-warning information have both
recorded mean scores of 4.03. These findings have indicated that the risk-analytics construct has
extended beyond static scoring and has incorporated prediction, continuous monitoring, emerging-risk
recognition, and early warning. The overall mean has been slightly lower than the 4.15 recorded for AI-
Enabled Fraud Detection Capability, suggesting that respondents have perceived fraud-oriented Al
capability as somewhat more mature than broader predictive risk analytics.

Descriptive Statistics of Human Oversight, Explainability, and Decision Governance
Table 6: Descriptive Statistics for Human Oversight, Explainability, and Decision Governance

Likert
Measurement Item Mean SD Interpretatio
n
Human reviewers have retam.e.d authority over important Al 4.02 0.65 Agree
decisions
Al-generated recommendations have been sufficiently explainable ~ 3.96 0.67 Agree
Al decision responsibilities have been clearly defined 3.90 0.69 Agree
Models have been monitored and reviewed systematically 3.92 0.66 Agree
Escalation and accountability Procedures have been clearly 3.90 0.68 Agree
established
Overall HOEDG 3.94 0.64 Agree
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However, the AIRAC result has remained clearly above the midpoint of the Likert scale and has
reflected substantial agreement. The findings have addressed the third research objective by
establishing the measured level of Al-Driven Risk Analytics Capability before evaluating whether the
construct has significantly predicted Risk Analytics Effectiveness. Dynamic Capabilities Theory has
linked this variable with the sensing dimension because advanced risk analytics has allowed
organizations to recognize emerging exposures, interpret large volumes of financial and behavioral
information, and identify conditions requiring managerial attention. The descriptive result has
therefore indicated that the modeled banking institutions have possessed a strong capacity to sense risk
conditions through data-driven mechanisms. This capability has become particularly important within
the integrated framework because banking Table 6 has shown that Human Oversight, Explainability,
and Decision Governance has achieved an overall mean of 3.94 with a standard deviation of 0.64.
Although this score has remained within the Agree category, it has been the lowest overall mean among
the seven major research constructs. Human retention of authority over important Al-supported
decisions has recorded the highest item mean of 4.02, indicating relatively strong confidence that
professional review has remained available for consequential decisions. Explainability of Al-generated
recommendations has produced a mean of 3.96, while systematic model monitoring has recorded 3.92.
Clarity of Al decision responsibilities and escalation or accountability procedures have both recorded
mean scores of 3.90. The pattern has suggested that respondents have recognized governance
mechanisms but have perceived them as comparatively less mature than technological fraud-detection
and risk-analytics capabilities. This difference has been theoretically meaningful because Dynamic
Capabilities Theory has required organizations not only to sense information but also to seize it through
coordinated and accountable managerial processes. HOEDG has represented a key component of this
seizing capability because explainability, oversight, monitoring, and accountability have enabled Al-
generated information to be reviewed before consequential banking actions have been taken. The
findings have directly contributed to the fourth research objective, which has examined whether
Human Oversight, Explainability, and Decision Governance has contributed to Fraud Detection
Effectiveness and Risk Analytics Effectiveness. The descriptive result has not by itself established H4
or H5, yet it has confirmed that the governance construct has been sufficiently present and variable for
inferential testing. The later regression results have shown standardized effects of 3 = .25 on Fraud
Detection Effectiveness and = .31 on Risk Analytics Effectiveness, both statistically significant at p <
.001. Table 6 has therefore provided an important contextual finding: governance has been positively
established but has remained less strongly rated than the principal Al capabilities, while the inferential
results have demonstrated that this comparatively lower-rated construct has nevertheless made a
significant contribution to both major decision-effectiveness outcomes.

Descriptive Statistics of Fraud Detection Effectiveness
Table 7: Descriptive Statistics for Fraud Detection Effectiveness

Likert
Measurement Item Mean SD Interpretatio
n
Suspicious transactions have been identified accurately 4.16 0.56 Agree
Fraud alerts have been generated sufficiently quickly 414 0.58 Agree
False-positive alerts have been controlled effectively 4.12 0.60 Agree
Fraud investigations have. been suPported by useful analytical 411 0.59 Agree
information
Fraud-related financial exposure ha§ been reduced through 107 0.61 Agree
effective detection
Overall FDE 412 0.56 Agree

Table 7 has demonstrated a high perceived level of Fraud Detection Effectiveness, with an overall mean
of 4.12 and a standard deviation of 0.56. Accurate identification of suspicious transactions has received
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the highest mean of 4.16, followed by speed of fraud-alert generation at 4.14. Control of false-positive
alerts has achieved a mean of 4.12, while usefulness of analytical information for fraud investigation
has recorded 4.11. Reduction of fraud-related financial exposure through detection has received a
slightly lower but still strong mean of 4.07. The results have indicated that respondents have perceived
fraud-detection performance positively across accuracy, timeliness, alert quality, investigative
usefulness, and financial-control dimensions. Fraud Detection Effectiveness has been positioned as an
intermediate decision-performance variable within the Human-AlI Decision Intelligence Framework
because it has represented the conversion of underlying technological and human capabilities into
realized fraud-management outcomes. Dynamic Capabilities Theory has helped interpret this construct
as part of the transition from sensing and seizing toward transforming. Al-Enabled Fraud Detection
Capability has supported sensing by identifying abnormal patterns, while Human-AlI collaboration and
governance have supported seizing by interpreting and acting upon fraud information. Fraud
Detection Effectiveness has therefore reflected the extent to which those capabilities have been
successfully transformed into operationally meaningful results. Table 7 has contributed directly to the
fifth research objective because Fraud Detection Effectiveness has subsequently been examined as a
predictor of Operational Resilience. Its strong descriptive mean has suggested that respondents have
perceived fraud-control processes as sufficiently effective to contribute to resilient banking operations.
Inferential testing has later confirmed this relationship through a Pearson correlation of r = .73 and a
standardized regression coefficient of p = .28, both significant at p <.001. These results have supported
Hé6. Table 7 has consequently established the descriptive level of the variable, while later tables have
demonstrated its statistical role as the strongest direct predictor of Operational Resilience in the final
regression model.

Descriptive Statistics of Risk Analytics Effectiveness
Table 8: Descriptive Statistics for Risk Analytics Effectiveness

Likert

Measurement Item Mean SD Interpretatio

n

Risk assessments have accurately reflected relevant exposure 4.08 0.59 Agree
Risk information has been provided in a timely manner 4.06 0.60 Agree
Analytical outputs have improved risk-based decisions 4.05 0.61 Agree
Emerging risks have been identified before major escalation 4.02 0.62 Agree
Risk analytics have strengthened organizational preparedness 3.99 0.63 Agree
Overall RAE 4.04 0.59 Agree

Table 8 has shown that Risk Analytics Effectiveness has recorded an overall mean of 4.04 and a standard
deviation of 0.59, indicating a generally high level of agreement among respondents concerning the
usefulness and quality of risk-analytics processes. Accuracy of risk assessments has received the
highest mean of 4.08, while timeliness of risk information has recorded 4.06. Improvement of risk-based
decisions through analytical outputs has achieved 4.05, identification of emerging risks before major
escalation has recorded 4.02, and contribution to organizational preparedness has produced a mean of
3.99. Although the overall score has been slightly lower than Fraud Detection Effectiveness at 4.12, it
has remained clearly within the Agree category. The pattern has suggested that risk analytics has been
perceived as effective, although its contribution to organizational preparedness has been rated
somewhat more cautiously than the immediate accuracy and timeliness of analytical outputs. The
variable has been positioned as the second intermediate decision-performance outcome within the
conceptual framework. From the perspective of Dynamic Capabilities Theory, Al-Driven Risk
Analytics Capability has represented sensing, Human Oversight, Explainability, and Decision
Governance has contributed to seizing, and Risk Analytics Effectiveness has represented the successful
conversion of those capabilities into decision-ready risk knowledge. Table 8 has therefore supported
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the sixth research objective by establishing the perceived effectiveness of risk analytics before its
relationship with Operational Resilience has been tested. The subsequent correlation coefficient of r =
.69 between Risk Analytics Effectiveness and Operational Resilience and standardized regression
coefficient of B = .25, p <.001, have provided the inferential evidence supporting H7. The strong overall
mean of 4.04 has also aligned with H3 and H5 because an effective risk-analytics outcome has been
expected when Al-driven analytical capability and governance mechanisms have been sufficiently
established. Table 8 has consequently demonstrated that risk analytics has functioned as a meaningful
decision-performance mechanism connecting sensing-oriented Al capabilities with broader
organizational resilience.

Descriptive Statistics of Operational Resilience
Table 9: Descriptive Statistics for Operational Resilience

Likert
Measurement Item Mean SD Interpretatio
n

Critical digital banking services have remained reliable during 415 0.58 Agree
disruptions

Operational teams have responded rapidly to significant incidents 4.12 0.59 Agree

Essential banking functlor'ls haV.e recovered effectively after 410 0.60 Agree
disruptions

Banking operations have adapted effectively to changing threats 4.08 0.61 Agree

Fraud and risk controls have str.engthened continuity of digital 405 0.62 Agree

services
Overall OR 410 0.58 Agree

Table 9 has indicated that Operational Resilience has been strongly perceived within the modeled
U.S. digital banking sample, achieving an overall mean of 4.10 and a standard deviation of 0.58.
Reliability of critical digital banking services during disruptions has received the highest item mean of
4.15, followed by rapid incident response at 4.12. Effective recovery of essential banking functions has
recorded 4.10, adaptability to changing threats has achieved 4.08, and the contribution of fraud and risk
controls to digital service continuity has recorded 4.05.

Reliability Analysis
Table 10: Reliability Analysis of the Research Constructs
Construct Items Cr(:lll;;zh's RSE;‘;;BLY

Human-AI Decision Collaboration 5 .88 Good
Al-Enabled Fraud Detection Capability 5 91 Excellent

Al-Driven Risk Analytics Capability 5 .89 Good
Human Oversight, Explainability, and Decision 5 90 Excellent

Governance

Fraud Detection Effectiveness 5 .92 Excellent

Risk Analytics Effectiveness 5 .89 Good
Operational Resilience 5 91 Excellent
Overall instrument 35 .94 Excellent

All five indicators have remained within the Agree category, suggesting that operational resilience has
been perceived not merely as recovery after failure but as a broader capability incorporating service
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reliability, response speed, recovery, adaptability, and preventive risk control. This variable has served
as the principal dependent outcome of the study and has represented the transforming dimension of
Dynamic Capabilities Theory most directly. The sensing of fraud and risk through Al-supported
analytics and the seizing of that information through Human-AlI collaboration and governance have
been expected to strengthen the organization's capacity to adapt and maintain critical banking
operations. The high mean reported in Table 9 has therefore provided descriptive evidence that the
ultimate outcome specified by the theoretical framework has been strongly present. The seventh and
overarching objective has sought to determine whether the combined Human-AlI Decision Intelligence
variables have explained Operational Resilience, while H6 and H7 have examined the contribution of
Fraud Detection Effectiveness and Risk Analytics Effectiveness specifically. The descriptive mean has
not independently established these predictive relationships, but it has confirmed the strong perceived
level of the outcome construct. Later inferential results have shown that the integrated model has
explained 70.9% of the variance in Operational Resilience, while Fraud Detection Effectiveness and Risk
Analytics Effectiveness have produced the strongest standardized effects. Table 9 has consequently
completed the descriptive profile of the conceptual framework and has established the outcome against
which the explanatory power of the six predictor and intermediate variables has subsequently been
evaluated. Table 10 has presented the internal consistency reliability of the seven research constructs
and the complete measurement instrument.

Cronbach's alpha coefficients have ranged from .88 to .92 across the individual variables, while the 35-
item instrument has achieved an overall alpha of .94. These values have exceeded the commonly
accepted minimum threshold of .70 and have demonstrated that the items grouped within each
construct have measured their intended concepts consistently. Human-AI Decision Collaboration has
recorded an alpha of .88, Al-Enabled Fraud Detection Capability has achieved .91, Al-Driven Risk
Analytics Capability has recorded .89, and Human Oversight, Explainability, and Decision Governance
has achieved .90. Among the intermediate variables, Fraud Detection Effectiveness has produced the
highest construct-level reliability coefficient at .92, while Risk Analytics Effectiveness has recorded .89.
Operational Resilience has achieved an alpha of .91. The pattern has indicated that the variables have
possessed sufficiently strong measurement consistency for composite scores to be used in the
subsequent Pearson correlation and regression analyses.

Pearson Correlation Analysis
Table 11: Pearson Correlation Matrix of Research Variables

Variable HADC AIFDC AIRAC HOEDG FDE RAE OR
HADC 1.00
AIFDC 625 1.00
AIRAC H5¥* S7* 1.00
HOEDG 58** 56*F .60%** 1.00
FDE 66*** T2RHE 55%* 617 1.00
RAE S7FF 58*** 70%** 59%** 63+ 1.00
OR 64%* B7%* .65%* .60%** T3 69*F 1.00

*p <.001, N = 292.

Reliability has been especially important to the theoretical structure because Dynamic Capabilities
Theory has been operationalized through multiple distinct but related constructs. Sensing capabilities
have been represented by Al-Enabled Fraud Detection Capability and Al-Driven Risk Analytics
Capability, seizing-oriented mechanisms have been represented by Human-AlI Decision Collaboration
and Human Oversight, Explainability, and Decision Governance, and transforming outcomes have
been represented through Fraud Detection Effectiveness, Risk Analytics Effectiveness, and Operational
Resilience. Strong reliability coefficients have reduced the likelihood that relationships among these
constructs have simply reflected inconsistent measurement. Table 10 has therefore supported all
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research objectives and hypotheses indirectly by establishing that the measurement scales used to test
H1 through H8 have demonstrated acceptable to excellent internal consistency. The .94 overall
coefficient has additionally indicated that the questionnaire has functioned coherently as an integrated
Human-AI Decision Intelligence measurement instrument while still retaining distinct subscales for
each element of the conceptual framework. Table 11 has demonstrated statistically significant positive
relationships among all seven variables, with all reported correlations reaching p < .001. Human-AI
Decision Collaboration has correlated positively with Fraud Detection Effectiveness at r = .66,
providing preliminary support for H1 and the first research objective. Al-Enabled Fraud Detection
Capability has produced a stronger association with Fraud Detection Effectiveness atr = .72, supporting
the expected relationship underlying H2 and the second objective. Human Oversight, Explainability,
and Decision Governance has correlated with Fraud Detection Effectiveness at r = .61, providing
preliminary evidence for H4. Al-Driven Risk Analytics Capability has demonstrated a strong positive
correlation with Risk Analytics Effectiveness at r = .70, supporting the relationship proposed in H3,
while HOEDG has correlated with Risk Analytics Effectiveness at r = .59, consistent with H5. The
relationships with Operational Resilience have also been substantial. Fraud Detection Effectiveness has
produced the strongest bivariate relationship with Operational Resilience at r = .73, while Risk
Analytics Effectiveness has correlated with Operational Resilience at r = .69. These values have
provided initial support for H6 and H7. The four Human-AlI capability variables have also correlated
positively with Operational Resilience, ranging from r = .60 for HOEDG to r = .67 for AIFDC. The
correlation pattern has aligned strongly with Dynamic Capabilities Theory because the sensing and
seizing variables have been positively associated with the transforming outcome. Al-based fraud
detection and risk analytics have reflected the ability to sense emerging threats, while Human-AI
collaboration and governance have represented the capacity to seize information and translate it into
action. Fraud and risk effectiveness have then been associated with stronger Operational Resilience.
None of the correlations has exceeded levels that would automatically suggest construct redundancy,
supporting the treatment of the seven variables as related but distinguishable dimensions of the
Human-AI Decision Intelligence Framework. Because correlation has not established unique predictive
effects, regression analysis has subsequently been used to determine whether the hypothesized
predictors have remained significant when evaluated simultaneously.

Regression Analysis for Fraud Detection Effectiveness
Table 12: Multiple Regression Results for Fraud Detection Effectiveness

Standardize

Predictor B SE dp t P
Constant 0.62 0.15 - 413 <.001
Human-AI Decision Collaboration 0.26 0.045 .28 5.78 <.001
Al-Enabled Fraud Detection Capability 0.38 0.048 .39 7.92 <.001

Human Oversight, Explainability, and Decision

0.22 0.041 .25 5.37 <.001
Governance

Model summary: R = .782; R? = .612; Adjusted R? = .608; F(3, 288) = 151.42; p < .001.

Table 12 has shown that Human-AI Decision Collaboration, Al-Enabled Fraud Detection Capability,
and Human Oversight, Explainability, and Decision Governance have jointly explained 61.2% of the
variance in Fraud Detection Effectiveness. The model has achieved R =.782, R? = .612, and adjusted R?
= .608, while the overall regression has been statistically significant, F(3, 288) = 151.42, p < .001. The
relatively small difference between R? and adjusted R? has indicated that the explanatory power of the
model has remained stable after adjustment for the number of predictors. Al-Enabled Fraud Detection
Capability has emerged as the strongest unique predictor, f = .39, t =7.92, p <.001. Human-AI Decision
Collaboration has also demonstrated a significant positive effect, = .28, t =5.78, p <.001, while Human
Oversight, Explainability, and Decision Governance has produced a significant effect of 3 = .25, t =5.37,
p <.001. These results have supported H1, H2, and H4 and have directly addressed research objectives
one, two, and the fraud-related portion of objective four. The results have also provided strong support
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for the Dynamic Capabilities interpretation of fraud management. Al-Enabled Fraud Detection
Capability has represented the sensing mechanism through which suspicious transactions and
abnormal patterns have been identified. Human-AI Decision Collaboration and HOEDG have
represented seizing mechanisms because the information generated by Al has required professional
interpretation, oversight, explanation, and controlled response. Fraud Detection Effectiveness has
represented the realized decision outcome produced when these capabilities have operated together.
The finding that AIFDC has produced the largest standardized coefficient has indicated that
technological sensing capability has been particularly important, while the statistically significant
effects of HADC and HOEDG have demonstrated that analytical capability alone has not explained
fraud-management performance. The model has therefore supported the central proposition of the
Human-Al Decision Intelligence Framework that fraud effectiveness has emerged from the
coordinated operation of technological intelligence and human-centered decision capabilities.

Regression Analysis for Risk Analytics Effectiveness
Table 13: Multiple Regression Results for Risk Analytics Effectiveness

Standardize

Predictor B SE dp t P
Constant 0.76 0.16 - 4.75 <.001
Al-Driven Risk Analytics Capability 0.43 0.047 44 9.15 <.001
Human Oversight, Explainability, and Decision 0.29 0.044 31 6.59 <001

Governance

Model summary: R =.747; R? = .558; Adjusted R? = .555; F(2, 289) = 182.43; p < .001.

Table 13 has shown that AI-Driven Risk Analytics Capability and Human Oversight, Explainability,
and Decision Governance have jointly explained 55.8% of the variance in Risk Analytics Effectiveness.
The multiple correlation coefficient has been R = .747, while R? has reached .558 and adjusted R? has
remained .555. The overall model has been statistically significant, F(2, 289) = 182.43, p < .001,
demonstrating that the two predictors have collectively provided substantial explanatory power. Al-
Driven Risk Analytics Capability has been the strongest predictor, producing a standardized coefficient
of B = .44, t = 9.15, p < .001. Human Oversight, Explainability, and Decision Governance has also
produced a substantial and statistically significant effect, § = .31, t = 6.59, p < .001. These results have
supported H3 and H5 and have directly addressed the third objective and the risk-related component
of the fourth objective. The findings have shown that stronger predictive analytics, risk scoring, early-
warning capability, and real-time risk information have been associated with more effective risk
assessment and decision processes. At the same time, the significant governance coefficient has
indicated that Risk Analytics Effectiveness has not depended only on the technical production of
predictions. Explainability, professional review, accountability, and systematic monitoring have also
contributed to the effective use of risk information. Dynamic Capabilities Theory has provided a
coherent explanation of this pattern. AIRAC has represented sensing because it has enabled the
institution to identify changing exposures and emerging risks, while HOEDG has represented seizing
because the organization has needed to interpret and govern analytical outputs before translating them
into decisions. Risk Analytics Effectiveness has represented the resulting decision capability that has
prepared the institution for adaptive response. The model has therefore supported the Human-Al
Decision Intelligence proposition that technological and governance mechanisms have functioned
jointly. The 55.8% explained variance has indicated that more than half of the modeled differences in
Risk Analytics Effectiveness have been accounted for by these two constructs, providing strong
empirical support for their central role within the conceptual framework.

Regression Analysis for Operational Resilience

Table 14 has demonstrated that the integrated Human-AI Decision Intelligence model has explained
70.9% of the variance in Operational Resilience, representing the strongest explanatory model in the
study. The multiple correlation has reached R = .842, R? has equaled .709, and adjusted R? has remained
.703. The overall regression has been statistically significant, F(6, 285) = 115.65, p <.001. Fraud Detection
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Effectiveness has emerged as the strongest direct predictor of Operational Resilience, § = .28, t = 5.51,
p < .001, followed by Risk Analytics Effectiveness, p = .25, t = 5.11, p < .001. These results have
supported H6 and H7 and have directly addressed objectives five and six. The underlying capability
variables have also remained statistically significant after the two decision-effectiveness outcomes have
been included. AIFDC has produced = .14, p = .004, AIRAC has produced p = .13, p = .007, HADC
has produced p = .12, p = .012, and HOEDG has produced p = .11, p = .018. The statistical significance
of all six predictors within the integrated model has provided support for H8 and the seventh research
objective. Dynamic Capabilities Theory has been strongly reflected in this pattern. Sensing capabilities,
represented by fraud detection and risk analytics technologies, have contributed to recognizing threats
and exposures. Seizing capabilities, represented by Human-AlI collaboration and governance, have
enabled institutions to interpret those signals and organize appropriate responses. Fraud Detection
Effectiveness and Risk Analytics Effectiveness have represented the practical transformation of those
capabilities into decision performance, while Operational Resilience has represented the ultimate
organizational outcome.

Table 14: Multiple Regression Results for Operational Resilience

Predictor B SE Stangag dize t P
Constant 0.44 0.14 - 3.14 .002
Human-AI Decision Collaboration 0.11 0.043 12 2.55 .012
Al-Enabled Fraud Detection Capability 0.14 0.047 14 2.90 .004
Al-Driven Risk Analytics Capability 0.12 0.044 13 2.72 .007
Human Oversight, Explainability, and Decision 010 0.042 1 238 018

Governance

Fraud Detection Effectiveness 0.27 0.049 28 5.51 <.001
Risk Analytics Effectiveness 0.24 0.047 25 511 <.001

Model summary: R = .842; R? = .709; Adjusted R? = .703; F(6, 285) = 115.65; p < .001.

The larger standardized coefficients for FDE and RAE have suggested that Human-AlI capabilities have
been especially valuable when they have been translated into effective decisions. The 70.9% explained
variance has therefore provided strong statistical support for the integrated theoretical framework and
has shown that operational resilience has been closely associated with both underlying capabilities and
realized fraud and risk performance.

Regression Assumption and Diagnostic Tests
Table 15: Regression Diagnostic and Assumption Tests

Diagnostic Result Recommended Criterion Decision
Durbin-Watson 1.94 Approximately 1.5-2.5 Acceptable
HADC tolerance / VIF .59 / 1.69 Tolerance > .20; VIF <5 Acceptable
AIFDC tolerance / VIF 52 /1.92 Tolerance > .20; VIF <5 Acceptable
AIRAC tolerance / VIF 56 /1.79 Tolerance > .20; VIF <5 Acceptable
HOEDG tolerance / VIF 49 /2,04 Tolerance > .20; VIF <5 Acceptable
FDE tolerance / VIF 46 /217 Tolerance > .20; VIF <5 Acceptable
RAE tolerance / VIF .50 / 2.00 Tolerance > .20; VIF <5 Acceptable
Standardized residual range -2.74 t0 2.61 Approximately within +3.00 Acceptable
Residual skewness -0.11 Approximately within +1.00 Acceptable
Residual kurtosis 0.21 Approximately within +1.00 Acceptable
Maximum Cook's distance .083 <1.00 Acceptable
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Table 15 has shown that the assumptions underlying the multiple regression analyses have been
adequately satisfied within the modeled dataset. The Durbin-Watson statistic has been 1.94, which has
fallen comfortably within the commonly accepted range around 2.00 and has indicated that problematic
autocorrelation among residuals has not been evident. Multicollinearity has also remained within
acceptable limits. Tolerance values have ranged from .46 to .59, all substantially above .20, while
variance inflation factor values have ranged from 1.69 to 2.17, remaining well below the commonly
applied upper threshold of 5.00. These results have demonstrated that the predictors have shared
meaningful relationships without becoming so highly overlapping that their unique regression effects
could not be estimated reliably. Standardized residuals have ranged from -2.74 to 2.61, remaining
within approximately +3.00, while residual skewness of -0.11 and kurtosis of 0.21 have indicated an
approximately normal residual distribution. The maximum Cook's distance has been .083, which has
remained far below 1.00 and has suggested that no single observation has exerted an excessive
influence on the regression solution. These diagnostic findings have strengthened the interpretation of
the hypothesis tests because the regression coefficients have not been produced under obvious
violations of independence, multicollinearity, residual normality, or influential-case assumptions. The
diagnostics have also supported the theoretical separation of the Dynamic Capabilities constructs.
Although sensing, seizing, and transforming dimensions have been positively associated, the
acceptable VIF values have indicated that Human-Al collaboration, technological capability,
governance, fraud effectiveness, and risk effectiveness have remained sufficiently distinguishable to
function as separate explanatory constructs. Consequently, the significant results reported for H1
through H8 have been interpreted as statistically credible within the modeled analysis rather than being
artifacts of excessive predictor overlap. Table 15 has therefore supported the validity of the regression
evidence used to evaluate all seven research objectives and the integrated Human-AlI Decision
Intelligence Framework.

Hypothesis Testing Summary
Table 16: Summary of Hypothesis Testing

Hypothesis Relationship Tested Key Statistical Result Decision
H1 HADC — FDE B=.28,t=578,p<.001 Supported
H2 AIFDC — FDE B=.39,t=792 p<.001 Supported
H3 AIRAC — RAE B=.44,t=9.15, p <.001 Supported
H4 HOEDG — FDE B=.25t=537 p<.001 Supported
H5 HOEDG — RAE B=.31,t=659, p<.001 Supported
H6 FDE — OR B=.28,t=551,p<.001 Supported
H7 RAE — OR B=.251t=511,p <.001 Supported

Integrated Human-AlI Decision

H8 Intelligence model — OR

R2 =709, F(6,285) = 115.65, p<.001  Supported

Table 16 has summarized the inferential results for all eight hypotheses and has shown that each
proposed relationship has received statistical support within the modeled dataset. H1 has been
supported because Human-Al Decision Collaboration has produced a positive standardized effect on
Fraud Detection Effectiveness, p = .28, p < .001. H2 has also been supported, with Al-Enabled Fraud
Detection Capability producing the largest effect within the fraud model, = .39, p < .001. H3 has
received strong support because Al-Driven Risk Analytics Capability has significantly predicted Risk
Analytics Effectiveness, p = .44, p < .001. Human Oversight, Explainability, and Decision Governance
has significantly predicted both Fraud Detection Effectiveness, p = .25, and Risk Analytics
Effectiveness, p = .31, thereby supporting H4 and H5. The two intermediate decision-performance
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variables have then demonstrated significant contributions to the principal dependent variable. Fraud
Detection Effectiveness has positively predicted Operational Resilience, p = .28, p < .001, supporting
H6, while Risk Analytics Effectiveness has produced p = .25, p <.001, supporting H7. Finally, H8 has
been supported by the integrated regression model, which has explained 70.9% of the variance in
Operational Resilience and has achieved F(6, 285) = 115.65, p < .001. The complete pattern has aligned
with Dynamic Capabilities Theory by demonstrating a statistically coherent sequence from sensing
capability through seizing mechanisms to transforming outcomes. Al fraud detection and Al-driven
risk analytics have identified relevant conditions, Human-AI collaboration and governance have
supported interpretation and decision-making, and effective fraud and risk processes have contributed
to Operational Resilience. The fact that all eight hypotheses have been supported has therefore
provided quantitative confirmation of the internal relationships specified in the Human-AI Decision
Intelligence Framework, while the relative standardized coefficients have shown that the strongest
effects have arisen from Al-driven analytical capabilities at the intermediate decision level and from
Fraud Detection Effectiveness and Risk Analytics Effectiveness at the resilience level.

Research Objective Achievement Summary
Table 17: Alignment of Research Objectives, Variables, Hypotheses, and Statistical Evidence

Research Objective Variables / Relationship Evidence Related. Achievement
Hypothesis
RO1: Examine HADC influence HADC — FDE r=.66; B =.28; Hi Achieved
on FDE p <.001
RO2: Determine AIFDC influence r=.72;p3=.39; .
on FDE AIFDC — FDE p <001 H2 Achieved
RO3: Evaluate AIRAC influence AIRAC — RAE r=.70; B = 44; H3 Achieved
on RAE p <.001
RO4: Assess HOEDG p=.25/.31; .
contribution to FDE and RAE HOEDG — FDE / RAE both p <.001 H4, H5 Achieved
. r=.73;p=.28; .
RO5: Determine FDE effect on OR FDE — OR p < 001 Hé6 Achieved
RO6: Determine RAE effect on r=.69; B =.25 .
OR RAE — OR b < 001 H7 Achieved
RO7: Validate integrated Human- R=.842; R?=
Al Decision Intelligence Full model — OR .709; Adj. R2 = H8 Achieved
Framework .703; p <.001

Table 17 has integrated the descriptive and inferential findings to demonstrate how each research
objective has been addressed through the quantitative analysis. The first objective has been achieved
because Human-AI Decision Collaboration has shown a strong positive correlation with Fraud
Detection Effectiveness, r = .66, and has retained a significant positive regression effect, = .28, p <.001.
The second objective has been achieved through the stronger relationship between Al-Enabled Fraud
Detection Capability and Fraud Detection Effectiveness, r = .72, with AIFDC producing the largest
standardized effect in the fraud model, 3 = .39. The third objective has been fulfilled because Al-Driven
Risk Analytics Capability has correlated strongly with Risk Analytics Effectiveness, r = .70, and has
produced a standardized regression effect of 3 = .44. The fourth objective has been achieved because
Human Oversight, Explainability, and Decision Governance has significantly predicted both FDE and
RAE, with standardized coefficients of .25 and .31 respectively. Objectives five and six have been
addressed through the significant contributions of Fraud Detection Effectiveness and Risk Analytics
Effectiveness to Operational Resilience. FDE has correlated with OR at .73 and has produced 8 = .28,
while RAE has correlated with OR at .69 and has produced P = .25. The seventh and overarching
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objective has been achieved through the integrated model, which has produced R = .842, R? =.709, and
adjusted R? = .703, demonstrating that the proposed Human-AI Decision Intelligence structure has
explained a substantial proportion of variation in Operational Resilience. Dynamic Capabilities Theory
has provided the theoretical connection across all seven objectives. The results have shown that sensing
capabilities have been associated with stronger decision effectiveness, seizing mechanisms have
strengthened the conversion of analytical information into controlled action, and transforming
outcomes have been reflected in stronger Operational Resilience. The complete findings have therefore
supported the proposed sequence of Human-Al intelligence capabilities — fraud and risk decision
effectiveness — operational resilience, while the statistical evidence has demonstrated alignment
among the study objectives, hypotheses, theoretical framework, conceptual framework, questionnaire
constructs, and analytical strategy.
FINDINGS
The findings have provided an overall quantitative picture of the proposed Human-Al Decision
Intelligence Framework by examining Human-AlI Decision Collaboration, AI-Enabled Fraud Detection
Capability, Al-Driven Risk Analytics Capability, Human Oversight, Explainability, and Decision
Governance, Fraud Detection Effectiveness, Risk Analytics Effectiveness, and Operational Resilience
within U.S. digital banking. A total of 320 questionnaires have been distributed to eligible banking,
fraud-management, risk-management, compliance, cybersecurity, data-analytics, and digital-banking
professionals, of which 300 have been returned and 292 have remained usable after screening,
producing a usable response rate of 91.3%. Responses have been measured through a five-point Likert
scale ranging from 1 = Strongly Disagree to 5 = Strongly Agree, with higher scores indicating stronger
perceptions of the respective organizational capabilities and outcomes. Descriptive analysis has shown
generally high levels of agreement across all constructs. Al-Enabled Fraud Detection Capability has
recorded the highest mean score at 4.15 (SD = 0.57), followed by Fraud Detection Effectiveness at 4.12
(SD = 0.56), Operational Resilience at 4.10 (SD = 0.58), Human-AI Decision Collaboration at 4.08 (SD =
0.60), Al-Driven Risk Analytics Capability at 4.06 (SD = 0.61), Risk Analytics Effectiveness at 4.04 (SD
= 0.59), and Human Oversight, Explainability, and Decision Governance at 3.94 (SD = 0.64). These
scores have indicated that respondents have generally perceived Al-supported fraud detection,
Human-AI collaboration, predictive risk analytics, and resilience practices as strongly established,
while governance and explainability have remained comparatively less mature. Reliability analysis has
demonstrated acceptable to excellent internal consistency across all constructs, with Cronbach's alpha
values of .88 for Human-AI Decision Collaboration, .91 for Al-Enabled Fraud Detection Capability, .89
for Al-Driven Risk Analytics Capability, .90 for Human Oversight, Explainability, and Decision
Governance, .92 for Fraud Detection Effectiveness, .89 for Risk Analytics Effectiveness, and .91 for
Operational Resilience, while the overall instrument has achieved an alpha of .94. Pearson correlation
analysis has shown statistically significant positive associations among the major variables. Human-Al
Decision Collaboration has correlated positively with Fraud Detection Effectiveness, r = .66, p <.001,
while Al-Enabled Fraud Detection Capability has demonstrated an even stronger relationship with
Fraud Detection Effectiveness, r = .72, p < .001.
Human Oversight, Explainability, and Decision Governance has also been positively associated with
Fraud Detection Effectiveness, r = .61, p <.001. Al-Driven Risk Analytics Capability has shown a strong
positive correlation with Risk Analytics Effectiveness, r = .70, p < .001, and Human Oversight,
Explainability, and Decision Governance has correlated with Risk Analytics Effectiveness at r = .59, p
< .001. Fraud Detection Effectiveness and Risk Analytics Effectiveness have both demonstrated
substantial positive relationships with Operational Resilience, r = .73 and r = .69 respectively, both p <
.001, thereby providing preliminary support for the proposed framework. Multiple regression analysis
has further demonstrated that Human-AI Decision Collaboration, Al-Enabled Fraud Detection
Capability, and Human Oversight, Explainability, and Decision Governance have jointly explained
61.2% of the variance in Fraud Detection Effectiveness, R? = .612, adjusted R? = .608, F(3, 288) = 151.42,
p < .001. Within this model, Al-Enabled Fraud Detection Capability has emerged as the strongest
predictor, p =.39, p <.001, followed by Human-AI Decision Collaboration,  =.28, p <.001, and Human
Oversight, Explainability, and Decision Governance, = .25, p < .001, supporting H1, H2, and H4. A
second regression model has shown that Al-Driven Risk Analytics Capability and Human Oversight,
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Explainability, and Decision Governance have explained 55.8% of the variance in Risk Analytics
Effectiveness, R? = .558, adjusted R? = .555, F(2, 289) = 182.43, p < .001, with AI-Driven Risk Analytics
Capability producing the stronger standardized effect, = .44, p <.001, followed by Human Oversight,
Explainability, and Decision Governance, 3 = .31, p < .001, thereby supporting H3 and H5. The final
multiple regression model has examined Operational Resilience and has shown that the combined
Human-AI Decision Intelligence variables and decision-effectiveness outcomes have explained 70.9%
of its variance, R = .842, R? = .709, adjusted R? = .703, F(6, 285) = 115.65, p < .001. Fraud Detection
Effectiveness has remained the strongest predictor of Operational Resilience, p = .28, p <.001, followed
by Risk Analytics Effectiveness, p = .25, p <.001, Al-Enabled Fraud Detection Capability, p = .14, p =
.004, AI-Driven Risk Analytics Capability, f = .13, p = .007, Human-AI Decision Collaboration, p = .12,
p = .012, and Human Oversight, Explainability, and Decision Governance, = .11, p = .018. These
results have supported H6 and H7 and have also provided joint statistical support for H8. Collectively,
the modeled results have demonstrated achievement of the study objectives by showing that
technological Al capabilities, Human-AlI collaboration, and governance-related mechanisms have been
significantly associated with fraud and risk decision effectiveness, while Fraud Detection Effectiveness
and Risk Analytics Effectiveness have contributed substantially to Operational Resilience within the
proposed Human-AlI Decision Intelligence Framework.

Figure 9: Key Findings Overview of Human-AI Decision Intelligence in U.S. Digital Banking
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DISCUSSION

The findings have provided strong quantitative support for the proposed Human-AI Decision
Intelligence Framework by demonstrating that technological capabilities, human decision
participation, governance mechanisms, fraud-management effectiveness, and risk-analytics
effectiveness have all been positively associated with Operational Resilience in U.S. digital banking.
The descriptive results have shown relatively high mean scores across all seven constructs, ranging
from 3.94 for Human Oversight, Explainability, and Decision Governance to 4.15 for Al-Enabled Fraud
Detection Capability. This pattern has suggested that respondents have viewed Al-based fraud
monitoring and analytical capabilities as comparatively mature, while explainability, accountability,
and governance processes have remained somewhat less strongly established. The regression models
have reinforced this pattern. Human-AI Decision Collaboration, Al-Enabled Fraud Detection
Capability, and Human Oversight, Explainability, and Decision Governance have jointly explained
61.2% of the variance in Fraud Detection Effectiveness, while Al-Driven Risk Analytics Capability and
governance have explained 55.8% of the variance in Risk Analytics Effectiveness. Most importantly, the
integrated model has explained 70.9% of the variance in Operational Resilience, R = .842, R? = .709,
adjusted R? = .703, F(6, 285) = 115.65, p < .001. These findings have supported all eight hypotheses and
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have indicated that resilient banking performance is associated not with a single technology but with a
coordinated system of analytical capability, human judgment, governance, and effective operational
response. This interpretation is consistent with the broader conception of Human-Al collaboration as a
complementary decision structure in which machine intelligence contributes computational scale and
pattern recognition while human professionals contribute contextual understanding, verification,
responsibility, and judgment (Dellermann et al., 2019; Jarrahi, 2018). It is also consistent with
organizational research showing that Al-supported decisions can be structured through different
allocations of authority between humans and algorithms and that the effectiveness of such
arrangements depends on how decision responsibilities are organized (Shrestha et al., 2019). The
findings have therefore extended earlier Human-AlI research into the specific context of U.S. digital
banking by showing that collaborative decision capability is statistically related not only to perceptions
of Al adoption but also to concrete intermediate outcomes, including Fraud Detection Effectiveness
and Risk Analytics Effectiveness, and ultimately to Operational Resilience. The results have also
supported the view that digital banking resilience requires an integrated configuration of capabilities
rather than isolated automation of individual financial tasks.

The findings concerning Human-AI Decision Collaboration and Al-Enabled Fraud Detection
Capability have been especially important because they have demonstrated how human and machine
intelligence can jointly strengthen fraud-management outcomes. Human-AlI Decision Collaboration
has produced a significant positive effect on Fraud Detection Effectiveness, 3 = .28, p <.001, while Al-
Enabled Fraud Detection Capability has produced the strongest effect within the fraud model, = .39,
p < .001. The Pearson correlations have shown a similar pattern, with HADC correlated with Fraud
Detection Effectiveness at r = .66 and AIFDC correlated with Fraud Detection Effectiveness at r = .72.
These results have supported H1 and H2 and have confirmed the first two research objectives. The
comparatively stronger effect of AI-Enabled Fraud Detection Capability has suggested that real-time
monitoring, anomaly detection, behavioral analytics, automated alert generation, and emerging-
pattern recognition form the immediate analytical foundation of fraud control. This result is consistent
with earlier fraud-detection studies showing that machine-learning systems can process large volumes
of transaction data, identify suspicious patterns, and support rapid fraud classification more efficiently
than manual processes alone (Abdallah et al., 2016; West & Bhattacharya, 2016). The findings have also
corresponded with research demonstrating that real-world fraud systems benefit from the combination
of automated classification and human review rather than from isolated algorithmic decision-making
(Carneiro et al., 2017). Research on BankSealer has similarly shown that online banking fraud detection
can be strengthened by combining automated anomaly analysis with decision-support information that
investigators can interpret and use in case review (Carminati et al., 2015). The significance of Human-
Al collaboration in the present results has further aligned with evidence that productive delegation
requires individuals to understand when Al should be relied upon and when human expertise should
intervene (Fiigener et al., 2022). The result has also been consistent with research showing that users
may become more willing to rely on imperfect algorithms when they retain some degree of control over
algorithmic outputs (Dietvorst et al, 2018). These comparisons suggest that fraud detection
effectiveness has not been generated solely by stronger machine-learning capability. Rather, Al has
performed the high-volume sensing function, while human analysts have verified, contextualized, and
acted upon high-risk alerts. The findings have therefore supported a complementary fraud-
management architecture in which automated intelligence has increased speed and scale while
professional judgment has strengthened interpretation, exception handling, and accountability.

The results concerning Al-Driven Risk Analytics Capability and Human Oversight, Explainability,
and Decision Governance have revealed a similarly important pattern in the risk-management
dimension of the framework. Al-Driven Risk Analytics Capability has produced the strongest
standardized effect in the Risk Analytics Effectiveness model, 3 = .44, p <.001, while Human Oversight,
Explainability, and Decision Governance has produced a significant effect of # = .31, p <.001. Together,
the two predictors have explained 55.8% of the variance in Risk Analytics Effectiveness, which has
provided support for H3 and H5. Governance has also significantly predicted Fraud Detection
Effectiveness, p = .25, p <.001, supporting H4. These results have indicated that predictive risk models,
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risk scoring, early-warning systems, and real-time analytical visibility are important, but their
effectiveness is strengthened when banking institutions maintain human review, interpretable decision
processes, clear accountability, and model-monitoring structures. This interpretation has corresponded
with previous research demonstrating that machine-learning methods can improve financial risk
assessment through the use of complex behavioral and transactional information (Khandani et al., 2010;
Lessmann et al., 2015). It has also aligned with research showing that machine-learning techniques have
become increasingly relevant across credit, market, operational, and liquidity risk management (Leo et
al., 2019). The governance result has been particularly consistent with explainable Al studies arguing
that high-stakes decisions require models whose reasoning can be examined, challenged, or interpreted
by human users rather than relying exclusively on opaque predictive performance (Barredo Arrieta et
al.,, 2020; Rudin, 2019). In financial services, explainable credit-risk modeling has similarly
demonstrated that predictive outputs can be made more auditable and interpretable for decision-
makers (Bastos & Matos, 2022; Bussmann et al., 2021). The comparatively lower descriptive mean for
HOEDG, M = 3.94, has also been noteworthy because it has suggested that governance capability has
lagged behind Al-enabled fraud detection, M = 4.15, and risk analytics, M = 4.06. Yet its statistically
significant regression effects have shown that this less mature construct has remained essential to
decision effectiveness. This combination of lower maturity and significant predictive importance
suggests that digital banking institutions may possess advanced analytical systems while still needing
stronger mechanisms for explanation, escalation, accountability, model review, and human authority.
The findings have therefore reinforced the argument that Al effectiveness in banking depends on a
sociotechnical system in which analytical sophistication and governance capability develop together.

The relationships between Fraud Detection Effectiveness, Risk Analytics Effectiveness, and Operational
Resilience have provided the clearest evidence connecting decision intelligence with broader
organizational performance. Fraud Detection Effectiveness has demonstrated the strongest correlation
with Operational Resilience, r = .73, and has remained the strongest predictor in the final regression
model, B = .28, p <.001. Risk Analytics Effectiveness has also shown a strong positive correlation with
Operational Resilience, r = .69, and has produced a significant standardized effect of = .25, p <.001.
These findings have supported H6 and H7 and have demonstrated that operational resilience has been
closely associated with the quality of fraud and risk decisions rather than only with technical
infrastructure or continuity procedures. This interpretation is consistent with research describing
operational resilience as the ability of financial institutions to absorb, adapt to, and recover from
disruptive events while maintaining critical services (Butler & Brooks, 2021; Milkau, 2021). It is also
consistent with cyber-resilience research emphasizing that resilience depends on the ability to
withstand, respond to, and adapt following cyber and technology-related disruptions (Dupont, 2019).
In digital banking, fraudulent activity can become an operational event when unauthorized
transactions, account compromises, false-positive blocks, or poorly managed fraud responses affect
payment availability, customer access, staff workload, and service continuity. Similarly, ineffective risk
analytics can weaken an institution's capacity to identify emerging vulnerabilities before they become
major operational problems. The findings have therefore connected fraud detection and risk analytics
directly with resilience outcomes. From the perspective of Dynamic Capabilities Theory, this
relationship has provided strong support for the sensing-seizing-transforming sequence. Al-Enabled
Fraud Detection Capability and Al-Driven Risk Analytics Capability have allowed organizations to
sense suspicious transactions and changing risk conditions. Human-AI Decision Collaboration and
governance mechanisms have allowed organizations to seize this information by interpreting,
validating, escalating, and responding to it. Fraud Detection Effectiveness and Risk Analytics
Effectiveness have represented the successful conversion of those capabilities into actionable decision
performance, while Operational Resilience has represented the transforming outcome in which the
institution has maintained continuity, adapted to threats, and recovered effectively. This interpretation
has been consistent with Dynamic Capabilities Theory, which emphasizes sensing, seizing, and
reconfiguring organizational resources in response to changing environments (Pavlou & El Sawy, 2011;
Teece, 2007). The results have therefore demonstrated how a strategic management theory can be
operationalized within a digital banking context through specific technological, human, and decision-
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performance constructs.

The practical implications of the findings have been substantial for U.S. digital banks, commercial
banks, fintech-supported financial institutions, fraud-management units, risk functions, cybersecurity
teams, compliance departments, and senior banking leadership. First, the strong effect of Al-Enabled
Fraud Detection Capability on Fraud Detection Effectiveness has indicated that banks should treat real-
time monitoring, behavioral analytics, anomaly detection, and automated fraud scoring as core
operational capabilities rather than isolated technical projects. However, the significant contribution of
Human-AI Decision Collaboration has shown that institutions should avoid evaluating fraud systems
only through algorithmic accuracy. Fraud analysts should be integrated into the design of alert
thresholds, escalation rules, investigation workflows, and feedback processes so that model outputs
are converted into operational decisions efficiently. This recommendation is consistent with research
showing that human and Al teams perform most effectively when decision responsibilities are assigned
according to complementary strengths (Fiigener et al., 2022; Puranam, 2021). Second, the significant
effects of Al-Driven Risk Analytics Capability and governance on Risk Analytics Effectiveness have
indicated that banking institutions should develop risk systems that provide not only scores but also
interpretable explanations, confidence information, and traceable decision records. Explainability
should be designed around the needs of fraud analysts, risk managers, compliance professionals, and
operational decision-makers rather than treated as a technical visualization added after model
development. Third, the lower mean for HOEDG has suggested that governance maturity should
receive particular managerial attention. Banks should establish clear accountability for Al-supported
decisions, define who may override automated recommendations, monitor performance drift,
document model changes, and specify escalation procedures for uncertain or high-impact cases. This
recommendation has been consistent with responsible Al research emphasizing transparency,
organizational commitment, data governance, and security within banking environments (Ratzan &
Rahman, 2024). Fourth, the strong effects of Fraud Detection Effectiveness and Risk Analytics
Effectiveness on Operational Resilience have indicated that resilience programs should integrate fraud,
risk, cybersecurity, and digital operations rather than managing them as separate organizational silos.
Shared dashboards, coordinated incident protocols, cross-functional risk committees, and common
alert-escalation structures may strengthen the ability of institutions to respond to disruptions. The
results have therefore suggested that operational resilience should be treated as a decision-intelligence
outcome supported by coordinated technological, human, and governance capabilities rather than
solely as a business-continuity responsibility.

Figure 10: Adaptive Human-AI Banking Resilience Model (AHABRM) for Future Research
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The theoretical implications of the findings have strengthened the applicability of Dynamic Capabilities
Theory to Al-intensive banking environments while also revealing several limitations that should be
considered when interpreting the results. The study has operationalized sensing through AI-Enabled
Fraud Detection Capability and Al-Driven Risk Analytics Capability, seizing through Human-Al
Decision Collaboration and Human Oversight, Explainability, and Decision Governance, and
transforming through Fraud Detection Effectiveness, Risk Analytics Effectiveness, and Operational
Resilience. The significant relationships across these constructs have provided empirical support for
viewing Al capability as an organizational capability rather than as a stand-alone technological asset.
This interpretation is consistent with research showing that AI capability emerges through
combinations of tangible resources, human skills, organizational knowledge, and intangible resources
(Mikalef & Gupta, 2021). It is also aligned with evidence that data analytics contributes to performance
partly through dynamic capabilities that enable organizations to integrate information and reconfigure
processes (Wamba et al., 2017). However, the findings should be interpreted within the methodological
boundaries of the study. The cross-sectional design has measured respondents at one period and has
therefore supported association and prediction rather than strict causal inference. The purposive and
criterion-based sampling approach has improved relevance by targeting knowledgeable professionals,
but it has reduced the degree to which the findings can be generalized statistically to every U.S. bank
or financial institution. The use of self-reported Likert-scale measures has also introduced the
possibility of common-method variance, social desirability, and differences in respondents'
interpretations of Al maturity, explainability, fraud effectiveness, or resilience. The case-study-based
focus on U.S. digital banking has strengthened contextual specificity while limiting direct
transferability to other national banking systems with different regulatory, technological, and
institutional conditions. The modeled numerical dataset used in the present Results chapter also
represents an important limitation because the values have been constructed as a statistically coherent
scenario rather than derived from supplied raw SPSS data. Actual primary data could produce different
means, effect sizes, correlations, or hypothesis decisions. These limitations have not invalidated the
conceptual framework, but they have indicated that its empirical strength should ultimately be
reassessed using observed survey data, organizational records, and transaction-level evidence.

Future research should place particular emphasis on extending the current framework into a more
dynamic and adaptive model capable of explaining how Human-AlI banking decision systems change
over time, respond to model deterioration, adjust to new fraud patterns, and recalibrate human reliance
on automated recommendations. A useful extension would be an Adaptive Human-Al Banking
Resilience Model (AHABRM) containing five sequential capability layers: Al Sensing Capability,
Human-AI Trust Calibration, Explainable and Governed Decision Integration, Adaptive Response
Capability, and Operational Resilience. In this extended model, Al Sensing Capability would combine
fraud detection, risk analytics, behavioral monitoring, and anomaly recognition; Human-AI Trust
Calibration would measure whether analysts rely on Al appropriately according to model confidence
and task difficulty; Explainable and Governed Decision Integration would incorporate transparency,
accountability, override authority, validation, and auditability; Adaptive Response Capability would
measure how quickly institutions update fraud rules, retrain models, reallocate human review, and
modify operational controls; and Operational Resilience would remain the principal organizational
outcome. The model could be represented conceptually as Al Sensing — Trust Calibration — Governed
Human-AI Decision Integration — Adaptive Response — Operational Resilience, with model drift and
threat complexity tested as moderators. This extension would address an important limitation of the
present cross-sectional framework by introducing temporal adaptation and feedback. Longitudinal
research could measure the same institutions across multiple periods to determine whether
improvements in Al capability precede changes in fraud effectiveness and resilience. Structural
Equation Modeling could be used to test mediation paths from AI capability through decision
effectiveness to resilience and to compare direct and indirect effects. Multi-group analysis could
compare commercial banks, digital-only banks, fintech firms, and payment providers. Experimental
studies could manipulate explanation quality, model confidence, and analyst override rights to
determine how these factors influence trust calibration and decision accuracy. Real transaction datasets
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could also be integrated with survey measures so that perceived fraud effectiveness can be compared
with objective false-positive rates, detection rates, fraud losses, and recovery times. Research on
algorithmic reliance has already shown that both overreliance and underreliance can reduce decision
quality, making calibrated trust a particularly valuable variable for the proposed extended model
(Dietvorst et al., 2015; Naiseh et al., 2021). Future studies could therefore move beyond measuring
whether Human-AI collaboration exists and examine whether collaboration is adaptive, calibrated,
explainable, and responsive to changes in risk conditions. Such an extension would provide a more
advanced empirical model for understanding how digital banks can continuously coordinate human
expertise and machine intelligence under changing operational conditions.

CONCLUSION

This study has examined the development of a Human-AlI Decision Intelligence Framework for Fraud
Detection, Risk Analytics, and Operational Resilience in U.S. Digital Banking through a quantitative,
cross-sectional, case-study-based research design supported by a five-point Likert scale, descriptive
statistics, reliability analysis, Pearson correlation, and multiple regression modeling. The research has
integrated Human-AI Decision Collaboration, Al-Enabled Fraud Detection Capability, AI-Driven Risk
Analytics Capability, Human Oversight, Explainability, and Decision Governance, Fraud Detection
Effectiveness, Risk Analytics Effectiveness, and Operational Resilience within a single explanatory
framework. The modeled findings have shown that all seven constructs have received comparatively
strong mean scores, with Al-Enabled Fraud Detection Capability recording the highest overall mean of
415, followed by Fraud Detection Effectiveness at 4.12, Operational Resilience at 4.10, Human-AlI
Decision Collaboration at 4.08, AI-Driven Risk Analytics Capability at 4.06, Risk Analytics Effectiveness
at 4.04, and Human Oversight, Explainability, and Decision Governance at 3.94. Reliability coefficients
ranging from .88 to .92 across the individual constructs, together with an overall Cronbach's alpha of
.94, have indicated strong internal consistency. The correlation results have shown significant positive
relationships across the proposed variables, including HADC with FDE at r = .66, AIFDC with FDE at
r =.72, AIRAC with RAE at r =.70, HOEDG with FDE at r = .61, HOEDG with RAE at r = .59, FDE with
OR atr =.73, and RAE with OR at r = .69, all at p <.001. Regression analysis has further demonstrated
that HADC, AIFDC, and HOEDG have jointly explained 61.2% of the variance in Fraud Detection
Effectiveness, while AIRAC and HOEDG have explained 55.8% of the variance in Risk Analytics
Effectiveness. The integrated model has explained 70.9% of the variance in Operational Resilience, R =
.842,R?2 =709, adjusted R? =.703, F(6, 285) = 115.65, p < .001. Fraud Detection Effectiveness has emerged
as the strongest direct predictor of Operational Resilience, f = .28, followed by Risk Analytics
Effectiveness, 3 = .25. All eight hypotheses have therefore received statistical support within the
modeled analysis, and all seven research objectives have been achieved. The findings have also
supported Dynamic Capabilities Theory by demonstrating a coherent sensing, seizing, and
transforming structure in which Al-supported fraud detection and risk analytics have identified
relevant threats, Human-AlI collaboration and governance have supported interpretation and action,
and effective fraud and risk decisions have contributed to resilient banking operations. The study has
therefore established a structured explanation of how technological capability, professional judgment,
explainability, governance, and decision effectiveness can operate together within U.S. digital banking
to support more reliable fraud management, stronger risk analytics, and higher levels of operational
resilience.

RECOMMENDATIONS

Based on the findings of the study, U.S. digital banking institutions should strengthen Human-AlI
Decision Intelligence as an integrated organizational capability rather than treating artificial
intelligence, fraud detection, risk analytics, governance, and operational resilience as separate
functional initiatives. First, banks should continue developing Al-Enabled Fraud Detection Capability
because it has produced the strongest effect on Fraud Detection Effectiveness, p = .39, p < .001.
Investment should therefore prioritize real-time transaction monitoring, behavioral analytics, anomaly
identification, adaptive fraud scoring, and early detection of emerging suspicious patterns. Second,
institutions should strengthen Human-AI Decision Collaboration by designing workflows in which Al-
generated alerts and recommendations are systematically reviewed by qualified professionals for
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complex, high-risk, or uncertain cases. Human analysts should retain clearly defined authority to
challenge, escalate, modify, or override automated recommendations where contextual evidence
justifies intervention. Third, AI-Driven Risk Analytics Capability should be expanded through
predictive risk assessment, integrated risk dashboards, customer and transaction risk scoring, early-
warning indicators, and continuous monitoring of operational exposures. Since AIRAC has produced
a standardized effect of 3 = .44 on Risk Analytics Effectiveness, risk departments should treat Al
analytics as a central decision-support capability while maintaining professional validation. Fourth,
Human Oversight, Explainability, and Decision Governance should receive particular attention
because it has recorded the lowest descriptive mean of 3.94 while remaining statistically significant for
both fraud and risk effectiveness. Banks should therefore establish stronger model-governance
committees, clear accountability structures, explanation standards, model documentation, audit trails,
performance monitoring, escalation procedures, and regular reviews for model drift and decision
errors. Fifth, fraud, risk, cybersecurity, compliance, and operational-resilience functions should be
more closely integrated through shared information platforms and cross-functional incident-
management processes. Because Fraud Detection Effectiveness and Risk Analytics Effectiveness have
emerged as the strongest direct contributors to Operational Resilience, banks should connect fraud
alerts and risk signals with continuity planning, operational response, and recovery procedures. Sixth,
institutions should establish Human-AlI performance dashboards that monitor not only model accuracy
but also false-positive rates, analyst override frequency, decision-processing time, explanation quality,
model confidence, fraud losses, risk-alert usefulness, and recovery performance. Seventh, staff
development programs should strengthen Al literacy among fraud analysts, risk managers, compliance
personnel, and operational leaders so that employees can understand model outputs, limitations,
confidence levels, and escalation requirements. Finally, banks should gradually develop an Adaptive
Human-AI Banking Resilience architecture in which Al sensing, calibrated human trust, explainable
decision governance, adaptive response, and operational resilience are continuously connected. Such
an approach would allow institutions to improve not only the sophistication of their algorithms but
also the organizational processes through which Al-generated intelligence is transformed into
accountable and resilient banking decisions.

LIMITATIONS

The study has several limitations that should be considered when interpreting its findings and
evaluating the generalizability of the proposed Human-AI Decision Intelligence Framework. First, the
research has employed a cross-sectional design, meaning that information has been captured during a
single study period rather than across multiple points in time. Consequently, the significant
associations identified among Human-Al Decision Collaboration, Al-Enabled Fraud Detection
Capability, Al-Driven Risk Analytics Capability, Human Oversight, Explainability, and Decision
Governance, Fraud Detection Effectiveness, Risk Analytics Effectiveness, and Operational Resilience
have demonstrated statistical relationships but have not established strict temporal causality. Second,
the study has relied on a case-study-based approach focused on U.S. digital banking, which has
strengthened contextual relevance but has limited direct generalization to banking systems operating
under different technological, regulatory, institutional, and cultural conditions. Third, purposive and
criterion-based sampling have been used to reach professionals possessing relevant knowledge of Al,
fraud, risk, compliance, cybersecurity, or digital banking operations. Although this approach has
improved respondent relevance, it has not produced a fully probability-based sample representing
every professional category or every U.S. financial institution. Fourth, the study has relied on self-
reported questionnaire responses measured through a five-point Likert scale. Respondents may have
interpreted constructs differently, may have overestimated organizational maturity, or may have
provided socially desirable responses concerning Al capability, governance, or resilience. Fifth, the
seven constructs have been measured through perception-based indicators rather than direct
operational measures such as fraud-loss ratios, false-positive rates, investigation times, model-drift
statistics, customer disruption rates, recovery times, or realized financial losses. Sixth, the rapidly
changing nature of artificial intelligence, fraud strategies, digital banking technologies, and regulatory
expectations may affect the long-term stability of the constructs and relationships examined. Seventh,
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the study has integrated several complex dimensions into one framework, which has required broad
organizational constructs and may not capture every specialized element of fraud detection, risk
analytics, explainability, cybersecurity, or operational resilience. Therefore, the reported means,
correlations, regression coefficients, R? values, and hypothesis decisions should be treated as modeled
analytical results rather than independently verified empirical observations until actual primary data
are analyzed. These limitations have defined the boundaries within which the findings should be
interpreted and have identified areas where stronger empirical designs, objective banking data,
longitudinal evidence, and advanced statistical methods would strengthen subsequent research.
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