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ABSTRACT

Research on artificial intelligence in finance often reports model accuracy without explaining how
institutional governance shapes real decision outcomes. This review examines the analytical
relationship among artificial intelligence integration, data governance, and financial performance
using the quantitative patterns reported in a large systematic evidence base. It summarises the
distribution of research across time, countries, methods, technologies, sectors, and governance
themes, then interprets the reported results from supported vector regression, quantile-sensitive
analysis, structural equation modelling, multi-group comparison, and sensitivity testing. Machine
learning, regulatory compliance, fraud detection, risk analytics, and credit scoring showed
particularly strong associations. The structural model indicated that artificial intelligence
contributes to financial outcomes directly and indirectly through data governance, supporting a
partial mediation interpretation. Results also varied by governance maturity: basic data quality and
compliance were more important in early implementation, while hybrid models and compliance
automation became stronger in advanced environments. Temporal comparison suggested that direct
relationships strengthened after 2020 while the mediating role of governance remained stable. The
article evaluates the strengths and limits of these methods and proposes a research agenda based on
multi-database evidence, longitudinal modelling, causal designs, and context-sensitive validation.
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Introduction

The rapid growth of artificial intelligence in financial services has created a measurement
problem. Technical studies often report accuracy, precision, recall, or forecasting error,
while governance research examines accountability, data quality, compliance, and
institutional control. These two traditions are frequently separated even though real financial
decisions depend on both. A high-performing model may fail in practice if data is
fragmented, responsibility is unclear, or the institution cannot explain and monitor its use.
Conversely, a well-governed organisation may gain limited value if its analytical methods
are outdated or poorly matched to the decision.

A useful evaluation framework must therefore connect three constructs: artificial intelligence
integration, data governance, and financial decision outcomes. Artificial intelligence
integration represents the use of machine learning, natural language processing, deep
learning, expert systems, fuzzy logic, and hybrid methods. Data governance includes
regulatory compliance, risk analytics, data quality, privacy, security, metadata, lineage, and
master data management. Financial outcomes include fraud detection, credit scoring,
investment forecasting, portfolio risk management, auditing, and reporting.

This review reorganises the quantitative findings of the uploaded systematic article to
explain how these constructs were measured and related. It also assesses what the reported
methods can and cannot establish. The purpose is to provide a stand-alone methodological
review rather than to claim a new database search.
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Evidence Base and Descriptive Research Landscape

The source study applied a PRISMA-oriented screening process to literature published from
2015 to 2025 and reported a final corpus of 1,155 peer-reviewed studies. The search was
centred on artificial intelligence, machine learning, data or information governance, financial
management, and financial decision-making. Included contexts covered banking, insurance,
financial technology, investment, payments, auditing, risk management, and compliance.

Research activity increased sharply after 2018. The source analysis reported that 73 percent
of the included publications appeared between 2019 and 2024, showing that the topic moved
quickly from a specialist concern to a major interdisciplinary field. Contributions came from
47 countries, with the United States, China, and the United Kingdom providing the largest
shares. Empirical research represented 68 percent of the corpus, conceptual research 21
percent, and review methods 11 percent.

Machine learning was the most frequently reported technology at 41.4 percent, followed by
natural language processing at 27.0 percent and expert systems at 17.1 percent. Other
approaches, including deep learning, neural networks, and fuzzy logic, accounted for 14.5
percent. Banking represented 46.1 percent of sectoral coverage, insurance 23.7 percent, and
financial technology or investment contexts 30.2 percent. Data quality and regulatory
compliance were the most common governance themes, followed by risk analytics and
privacy or security.

From Thematic Coding to Quantitative Constructs

The source study combined quantitative and qualitative coding. Numerical indicators were
normalised and mapped to latent constructs, while qualitative themes were represented
through presence, intensity, valence, and process-stage coding. This approach allowed
diverse studies to be organised within a common framework, but it also required judgement
about how concepts from different research designs should be made comparable.

The three principal constructs were artificial intelligence integration, data governance, and
financial decision outcomes. Artificial intelligence integration was represented by machine
learning, natural language processing, deep learning, expert systems, and hybrid models.
Governance was represented by regulatory compliance, risk analytics, data quality, privacy
and security, and metadata management. Financial outcomes were represented by fraud
detection, credit scoring, investment forecasting, portfolio risk management, and auditing or
reporting.

Construct-based analysis is useful because it shifts attention from isolated technologies to
relationships among systems. Its weakness is that broad indicators may hide important
variation. For example, machine learning in credit scoring differs from machine learning in
market forecasting, and regulatory compliance in banking differs from compliance in
financial technology. Results should therefore be interpreted as high-level patterns rather
than universal causal laws.

Comparative Predictive Weights
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Supported vector regression was used in the source review to model non-linear relationships
among artificial intelligence methods, governance dimensions, and financial outcomes.
Machine learning showed the strongest reported association among the technology variables,
with a weight of 0.87. Hybrid models followed at 0.76, natural language processing at 0.74,
deep learning at 0.69, expert systems at 0.59, and fuzzy logic at 0.41. The pattern favours
adaptive and combined methods over static rule-based approaches.

Within governance, regulatory compliance had the strongest reported weight at 0.84,
followed by risk analytics at 0.79, data quality at 0.72, privacy and security at 0.68, metadata
and lineage at 0.55, and master data management at 0.47. These results should not be read
as evidence that metadata or master data is unimportant. Foundational capabilities may have
lower direct association because their value is transmitted through other governance
activities.

Among outcomes, fraud detection carried a weight of 0.81, credit scoring 0.78, portfolio risk
management 0.73, investment forecasting 0.71, and auditing or regulatory reporting 0.66.
Fraud and credit applications are often supported by large labelled datasets and clear
operational outcomes, which may partly explain their stronger measured relationships.
Investment and audit outcomes are influenced by broader contextual factors and can be more
difficult to standardise.

Dimension ALY SRS (REBIIE Interpretation
factor value
Al technology | Machine learning 0.87 Adaptive learning showed th
strongest  association  amon
technology variables
Governance Regulatory 0.84 Control and supervisor
compliance alignment  were central t
performance
Financial Fraud detection 0.81 Large transaction datasets suppor
outcome strong operational use
Upper maturity Compliance 0.86 Advanced institutions gaine
quantile automation more from automated governance
Structural Al integration 1(0.76 Technical integration wa
pathway governance strongly related to governanc
capability
Mediating Governance 1 0.73 Governance translated technica
pathway outcomes capacity into decision value
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Quantile-Sensitive Effects and Governance Maturity

Average effects can conceal differences between early-stage and advanced organisations.
Quantile analysis in the source review addressed this issue by estimating relationships at
lower, middle, and upper levels of implementation. At the lower quantile, regulatory
compliance and data quality showed moderate influence, reflecting the need for basic control
and reliable information. At the median, machine learning, risk analytics, and hybrid models
became more important. At the upper quantile, compliance automation and hybrid models
produced the strongest coefficients.

The reported coefficient for regulatory compliance increased from 0.63 at the lower quantile
to 0.74 at the median and 0.86 at the upper quantile. Hybrid models increased from 0.59 to
0.71 and then 0.83. Machine learning increased from 0.62 to 0.76 and then 0.81. Fraud
detection also rose from 0.57 to 0.73 and 0.81. These patterns suggest that the value of
advanced methods depends on institutional readiness.

Quantile-sensitive interpretation has practical value. It warns against assuming that a method
with strong performance in a mature institution will provide the same value in an
organisation with fragmented data and limited oversight. Early investment should prioritise
guality, ownership, and compliance foundations. More complex hybrid systems become
useful when those foundations are established.

Structural Equation Model and Mediation

The source review used structural equation modelling to estimate direct and indirect
relationships. The reported pathway from artificial intelligence integration to data
governance was 0.76, indicating a strong positive association. The pathway from data
governance to financial outcomes was 0.73. A direct pathway from artificial intelligence
integration to financial outcomes remained significant at 0.71. Together, these results
support partial mediation: artificial intelligence affects outcomes directly, but a substantial
part of its value is linked to governance.

The model reported explained variance of 0.58 for data governance and 0.64 for financial
outcomes in the structural estimation, with a broader reported range reaching 0.79 across
model components. Effect sizes were moderate to large, and predictive relevance for
financial outcomes was reported at 0.41. Variance inflation values remained below common
concern thresholds, suggesting that the main constructs were related but not redundant.

The mediation interpretation is conceptually important. It rejects the idea that algorithmic
sophistication alone determines performance. A financial institution must convert technical
capacity into governed practice through quality controls, compliance, risk oversight, privacy,
security, and accountability. The direct relationship also shows that governance does not
explain everything; model capability, operational design, and decision context still matter.

Measurement Reliability and Model Fit
The measurement model reported composite reliability above 0.80 for all three constructs

and average variance extracted above 0.50. Factor loadings ranged from 0.61 to 0.89 and
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were reported as statistically significant. Regulatory compliance had one of the highest
loadings within governance, while machine learning and hybrid models loaded strongly on
artificial intelligence integration. Fraud detection and credit scoring loaded strongly on
financial outcomes.

The structural model also reported strong overall fit. Comparative fit was 0.947, the Tucker-
Lewis index was 0.933, root mean square error of approximation was 0.041, and the
standardised residual measure was approximately 0.038. The chi-square to degrees-of-
freedom ratio was 2.14. These values are consistent with an internally coherent model under
commonly used thresholds.

Good model fit does not prove causality. Structural equation modelling tests whether
observed relationships are consistent with a proposed theoretical structure. Causal
interpretation requires stronger assumptions about time order, omitted variables,
measurement validity, and alternative explanations. Because the underlying evidence
included multiple study designs, the reported paths are best treated as robust associations
that support a governance-centred theory.

Temporal Comparison of Early and Mature Periods

The source review compared an early adoption period from 2015 to 2019 with a more mature
period from 2020 to 2025. The indirect effect of artificial intelligence through governance
was held equal at 0.55 across both periods and remained stable. At the same time, the direct
paths strengthened. Artificial intelligence to governance increased from 0.68 to 0.80,
governance to financial outcomes increased from 0.66 to 0.77, and artificial intelligence to
outcomes increased from 0.61 to 0.74.

Explained variance also increased. The value for data governance rose from 0.46 to 0.63,
while the value for financial outcomes rose from 0.52 to 0.71. This pattern suggests that the
basic mediating role of governance was present throughout the decade, but institutions
became better at embedding artificial intelligence within operational and regulatory systems
after 2020.

Several factors may contribute to the change, including better data infrastructure, stronger
supervisory attention, wider cloud adoption, improved model management, and growing
experience with artificial intelligence risk. The results do not identify one cause, but they
demonstrate that the relationship between technology and outcomes is historically and
institutionally conditioned.

Quality Appraisal and Sensitivity

The source study used the Mixed Methods Appraisal Tool and reviewer agreement measures.
It reported substantial agreement during screening, with a kappa value around 0.81. Among
the included studies, 48.2 percent were classified as high quality, 39.6 percent as moderate
quality, and 12.2 percent as low quality. Excluding low-quality studies produced only small
changes in fit indices, indicating that the main conclusions were not driven entirely by
weaker evidence.
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Sensitivity analysis also examined quantile stability, outlier influence, and latent-construct
invariance. Reported changes in path coefficients were small, and most of the tested
parameter space remained within a stability region. These results strengthen confidence in
the internal robustness of the synthesis.

Nevertheless, sensitivity within one coding and modelling framework cannot address all
sources of bias. Database selection, publication bias, language restriction, construct
definition, and coding decisions may influence the evidence base before statistical testing
begins. Robustness should therefore be interpreted as stability under the tested assumptions,
not proof that alternative evidence or models would yield identical results.

Implications for Research Design and Practice

For researchers, the results show the value of combining technology, governance, and
outcome variables in one framework. Future studies should avoid treating artificial
intelligence as an isolated input. They should measure data quality, lineage, compliance,
human oversight, organisational readiness, and model risk. Multi-group and quantile
methods can reveal heterogeneity that average estimates miss.

Longitudinal designs are needed to establish temporal order and observe how institutions
change after regulation, incidents, or technology investment. Causal inference approaches,
field experiments, and regulatory sandboxes could test whether governance interventions
improve outcomes. Multi-database and multilingual searches would reduce dependence on
one publication system. Greater transparency in coding and reproducible analytical materials
would also improve confidence.

For practitioners, the findings suggest a maturity-based implementation strategy. Institutions
should first build reliable data and basic compliance control, then expand machine learning
and risk analytics, and finally move toward hybrid models, adaptive monitoring, and
automated compliance. Performance dashboards should combine model accuracy with
governance indicators such as data quality, explainability, drift, overrides, incidents, and
audit findings.

Limitations and Future Directions

The source review was limited to Scopus-indexed, English-language literature within a
defined decade. The included studies differed in design, sector, geography, and
measurement, making complete comparability difficult. Some quantitative techniques and
terminology, including the radar-based presentation, require clearer standardisation before
broad replication. The reported model also did not explicitly include equity, institutional
trust, organisational culture, or customer challenge rights.

Future work should test recursive models in which governance and artificial intelligence
influence each other over time. Researchers should compare sectors and jurisdictions,
examine non-financial regulated industries, and explore new risks from generative artificial
intelligence and third-party foundation models. Dynamic network analysis, Bayesian
approaches, and causal mediation could complement structural equation modelling. Most
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importantly, future studies should connect statistical fit with real outcomes for customers,
institutions, and financial stability.

Conclusion

The quantitative evidence reviewed here supports a strong relationship among artificial
intelligence integration, data governance, and financial decision outcomes. Machine
learning, regulatory compliance, fraud detection, risk analytics, and credit scoring emerged
as especially influential. Structural modelling indicated that governance partially mediates
the value of artificial intelligence, while quantile and temporal analyses showed that the
strength of specific effects changes with institutional maturity. The methods provide a useful
framework for moving beyond isolated accuracy measures, but their results should be
interpreted as structured associations rather than definitive causal proof. Future research
should use broader evidence, longitudinal designs, and context-sensitive validation to
explain how organisations convert artificial intelligence into reliable, accountable, and
sustainable financial performance.
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