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This paper aimed at reviewing the new role of  Generative Artificial Intelligence (GAI) and 
advanced analytics in financial modelling, valuation and strategic decision-making. It also ex-
amined the transformative effects of  GAI on predictive accuracy, effectiveness and efficien-
cy of  decisions, and governance in corporate and investment finance. A systematic literature 
review was conducted following the PRISMA guidelines, databases employed included Sco-
pus, Web of  Science, ScienceDirect, and Google Scholar. The inclusion criteria was set based 
on the peer-reviewed publications published in 2022-2025 resulting in the retrieval of  35 
high-quality papers which were synthesized. The outcome was divided into three categories, 
namely, (1) current applications, (2) decision-making effects, and (3) human-AI integration 
and risks. This review shows that there was a clear transition of  econometric models, such 
as ARIMA and GARCH models, to generative systems, such as GANs, transformer-based 
LLMs, and diffusion models. These constructions have improved predictive accuracy, veloc-
ity, as well as, flexibility to support real-time strategic modelling. They are however limited 
when it comes to the ability to rationalise and the matter of  bias and moral responsibility. 
Human supervision is however still significant particularly in high-stakes financial circum-
stances that need interpretive and regulatory supervision. Generative AI is improving the 
precision, analytical and strategic accuracy of  financial systems, but also raises new epistem-
ic and governance issues. To increase institutional trust and ethical legitimacy, responsible 
integration means transparency, fair and control by the human-in-command. To promote 
innovation and accountability, financial institutions need to establish multi-disciplinary AI 
governance boards, implement explainability, and promote AI risk literacy.
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INTRODUCTION
The integration of  generative AI and financial analytics 
globally has led to a significant change in the contemporary 
decision making.  Generative AI (GANs, transformer-
based, and LLMs) extends beyond predictive analytics 
to the creation and simulation of  new financial data and 
financial scenarios and valuation models (Bartakova et 
al., 2025; Kumar et al., 2025).  This revolution enables 
organisations to develop realistic financial information, 
develop excellent portfolios and predict uncertain market 
conditions in much detail.  Traditionally, financial models 
have been based on linear regression and the traditional 
econometric models, and deep generative models have 
rendered the epistemic limitations of  forecasting and 
valuation self-evident (Che et al., 2024).  Compared 
to traditional AI models, which are made to identify 
patterns, generative models learn data distributions, 
followed by creation of  independent, synthetic, yet 
believable, outputs, which allows the dynamic assessment 
of  risk models, credit simulations and strategy options 
(Ravichandran et al., 2024a).  With large data taking 
over global finance, generative AI helps analysts and 
strategists to visualize other financial domains in the case 
of  macroeconomic uncertainty, geopolitical shocks and 
behavioral changes (Saivasan & Lokhande, 2023).  The 
feature is particularly important when it comes to asset 

management and corporate finance and can be useful in 
terms of  scenario driven valuation, sensitivity analysis, 
and strategic foresight modeling (Doshi et al., 2025). 
Despite the increasing development in the application 
of  generative AI in analytical and decision-making, 
empirical evidence of  its dependability, interpretability, 
and strategic utility remains unclear.  While some 
research have suggested that generative AI can be used 
to automate data analytics and boost business intelligence 
(Ravichandran Sr et al., 2024; Sriram, 2022), the impact 
on human judgment, ethics and regulatory compliance is 
still vague.  Krase, (2023) indicated that, while generative 
models give accurate cash flow forecasting and valuation 
under uncertainty, they can induce epistemic opacity and 
model distortions.  Further, decision-making in finance is 
a process that encompasses data and intuition, experience, 
and governance standards.  Though powerful, AI models 
can overfit or lead to skewed financial scenarios if  they 
are tested against the non-representative datasets (Bai 
et al. 2024).  For this reason, this review is justified by 
mapping how generative AI enhances, and not replaces, 
human and institutional rationality in financial decision-
making.  Also, the recent literature confirms rising need 
for more empathetic, auditable, and ethically grounded 
AI systems compatible with financial regulation (Goel & 
Mahur, 2025).
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Research questions
1. What generative AI and advanced analytic techniques are 
used in financial modeling and valuation (e.g., predictive 
cash-flow modeling, option pricing, risk forecasting) and 
how do they compare with traditional models? 
2. How do AI-driven analytics influence strategic 
decision-making in corporate finance and investment, 
and what evidence exists for improvements in accuracy, 
speed and cost efficiency? 
3. What roles do human expertise and oversight play in 
implementing generative AI for financial decisions, and 
what ethical, reliability and regulatory challenges have 
been identified?

LITERATURE REVIEW
Applications of  Generative AI in Financial Analytics
The emergence of  generative artificial intelligence (GAI) 
is transforming the analytical core of  financial systems.  
Modern deep generative techniques in financial analytics 
concentrate on modelling economic characteristics and 
forecasting through regression, producing novel, high-
resolution datasets that replicate real-world difficulties 
(Saivasan & Lokhande, 2023).  These models, founded 
on transformers and generative adversarial networks 
(GANs), are revolutionising corporate operations in 
financial forecasting, valuation, and risk management. 
As shown by Ravichandran Sr et al. (2024) and Sriram 
(2022), generative architectures are effective in business 
intelligence for reducing manual data handling and 
enabling rapid processing of  evolving market indicators.  
Che et al. (2024) took a step further and used transformer-
based Generative Artificial Intelligence to make market 
predictions with a higher success, as they obtained higher 
levels of  accuracy when predicting stock movements 
and volatility.  Bai et al. (2024) demonstrate that trading 
strategies can be improved with the help of  generative 
trading models which can reconstruct missing or distorted 
data, particularly the low-liquidity markets. Beyond 
forecasting, valuation and corporate finance provide 
further purposes.  Kumar et al. (2025) investigated the 
application of  GAI for financial forecasts and discovered 
significant improvements in cash flow and asset value 
compared to conventional neural networks.  Sriram 
& Seenu (2023) further demonstrate how generative 
insights can be employed to increase the interpretability 
of  automated audits by presenting narrative arguments 
in addition to numerical estimations.  Collectively, 
these are indicating a turning point towards AI-based 
financial cognition where the generation of  synthetic 
data promotes resilience, adaptation, and scenario testing 
under uncertainty. However, Bartáková et al. (2025) 
underline that the emergence of  generative systems 
increases epistemic opacity and causes challenges to 
model verification and data traceability.  This is in line 
with observations from Saivasan and Lokhande (2023) 
that generative models such as GANs aid to boost 
financial analytics for metaverse and immersive modeling 

applications, but also pose a hazard of  overfitting synthetic 
connections that distract from strategic information.

Strategic Decision-Making and Human-AI 
Integration
The relationship between generative intelligence and 
strategic cognition has been the topic of  a debate, Doshi 
et al. (2025) suggest that GAI boosts the quality and 
creativity of  strategic decisions by creating the illusion 
of  multiple scenario outcomes in data not possible with 
traditional analytics. Their paper in Strategic Management 
Journal reveals that firms that use AI-driven foresight 
systems are better at adaptability and strategic agility than 
competitors. This aligns with Chauhan et al. (2025) who 
hold that generative AI is a cognitive amplifier, which 
enhances the human capacity to make judgments, as well 
as improving the organizational capability to address 
complex situations. As demonstrated by Ravichandran 
et al. (2024b), more information can be collected and 
proactive decisions made with the help of  generative 
business analytics systems that process unstructured data, 
like managerial communication or sentiment analysis. 
In a similar fashion, Goel and Mahur (2025) also observe 
that AI in business analytics enhance the level of  decision 
support systems through illustration of  alternative 
strategies under the synthetic data experiments. But even 
these studies confirm the fact that such human oversight 
is inevitable. Krause (2023) characteristically shows how  
generative models like ChatGPT or Bard have a disruptive 
cognitive potential, and when unregulated, may pose a 
threat to the existing evaluative processes. According to 
Sriram (2022) and Kalia (2023), this can be seen as dual: 
the AI offers automatable reasoning in the finance field, 
however, the human strategists offer interpretability and 
ethical responsibility. There has been a growing interest 
in human-in-the-loop (HITL) paradigms which are 
hybrid systems where machine creativity is constrained 
by managerial reasoning and contextual intelligence. 
These configurations have been shown to be the best to 
perform valuation, portfolio optimization and strategic 
alignment (Chauhan et al., 2025; Doshi et al., 2025).

Limitations, Risks, and Governance Challenges
The application of  generative AI in finance is likely to 
be biased, unethical, and regulatory-risky even with its 
recent developments.  Bartakova et al. (2025) highlight 
the non-explainability and reproducibility of  the 
decision systems generated as the major institutional 
trust problem.  Instead, Krause, (2023) asserts that 
the reasoning of  LLM stochastic and language-based 
may result into hallucinating money, the validity but 
false prediction.  These are amplified by the fact that 
generative systems are used to produce valuations and 
investments with the result that small distortions can 
lead to systemic weaknesses in the market. More intricate 
model governance methods were created by Kumar et al. 
(2025) and Bai et al. (2024), and include the bias audit and 
human verification procedures.  Pattanayak (2022) and 
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Kalia (2023) also mention that smaller companies have 
the ability to implement such laws and, therefore, the 
development of  AI within diverse financial ecosystems 
is skewed.  Further, according to Goel and Mahur (2025), 
the ethical aspect extends into the fact that such a high 
level of  generative AI can erode moral responsibility 
in decision-making, and raise some questions about 
accountability to automated misjudgment. The other 
important issue is data privacy and regulation.  Financial 
firms that use generative AI to generate client simulations 
or synthetic transactions must satisfy new AI governance 
norms such as the EU AI Act and the U.S. SEC’s AI 
accountability principles.  Chauhan et al. (2025) point out 
that the alignment of  generative systems to responsible 
AI standards of  justice, transparency, and human agency 
is not only ethically significant but also essential for 
institutional credibility throughout time.

MATERIALS AND METHODS:
Here, the systematic process adopted in this review is 
described, following the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA 2020) 
guidelines (Page et al., 2021). It involves synthesizing 
literature relevant to the application of  generative artificial 
intelligence (AI) and advanced analytics to financial 
modeling, valuation and strategic decisions. 

Search Strategy
The comprehensive search through several databases 
was carried out with the goal of  having a wide coverage. 
The databases employed were Scopus, Web of  science, 
ScienceDirect, and Google Scholar. A search query was 
utilized along with Boolean operators, the search terms 
included: 
(( Generative AI ) OR ( Generative Adversarial Networks 
) OR ( Transformer Models ) OR ( Large Language 
Models ) AND ( Financial Modeling ) OR ( Valuation ) 
OR ( Forecasting ) OR ( Portfolio Optimization ) AND ( 
Strategic Decision-Making ) OR ( Business Intelligence ) 
OR ( Corporate Finance ).
This search retrieved an initial 486 studies published 
between 2022 and 2025, a period corresponding to the 
rapid diffusion of  generative AI tools in finance (Saivasan 
& Lokhande, 2023; Bartakova et al., 2025).

Inclusion Criteria
Following PRISMA’s systematic eligibility framework, 
studies were screened against predefined inclusion and 
exclusion criteria.
Inclusion criteria were:
- Peer-reviewed journal articles.
- Publications from 2022 to 2025 to capture the post-
ChatGPT era of  generative AI research.
- Studies addressing the application, impact, or 
implications of  generative AI or advanced analytics 
in financial modeling, valuation, risk management, or 
strategic decision-making.
- Papers written in English with accessible full texts.

Studies addressing only the traditional (non-generative) 
models of  machine learning, non-financial applications 
of  generative AI, and opinion pieces, editorials, or blog 
comments are excluded.

Screening and Quality Assessment 
The screening process followed the PRISMA guidelines. 
486 records were initially retrieved after the database 
search, 122 duplicates and irrelevant titles were removed 
after abstract and keyword review and were found not to 
be in line with the research questions, 156 full-text articles 
relevant to the research questions were assessed following 
the CASP (Critical Appraisal Skills Programme, 2018) 
framework, 35 studies were finally selected for synthesis 
due to their high relevance, methodological rigor, and 
focus on the nexus between generative AI and strategic 
finance.

Figure 1: PRISMA Flowchart Diagram

Data Extraction and Synthesis
The data extraction process followed a structured template 
including details such as the author, year, research aim, AI 
model type, financial application domain, methodological 
approach and key findings.  The data were then organized 
into a coding framework of  three themes following the 
research questions:
1. Current applications: What generative AI and advanced 
analytic techniques are used in financial modeling and 
valuation and how do they compare with traditional 
models? 
2. Decision-making effects: How do AI-driven analytics 
influence strategic decision-making in corporate 
finance and investment, and what evidence exists for 
improvements in accuracy, speed and cost efficiency? 
3. Human-AI integration and risks: What roles do human 
expertise and oversight play in implementing generative 
AI for financial decisions, and what ethical, reliability and 
regulatory challenges have been identified?

RESULTS AND DISCUSSIONS:
In Table 1, the studies showed that descriptive and 
predictive analytics are rapidly replacing generative, 
adaptive and hybrid AI architectures that redefine 
financial modeling. The traditional econometric 
models that previously provided market forecasting 
and valuation, ARIMA, GARCH, and OLS regression, 
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Table 1: Study Characteristics for Generative AI and Advanced Analytics in Financial Modeling and Valuation
 Author/ Year Research Aim AI Model Type F i n a n c i a l 

A p p l i c a t i o n 
Domain

Methodological 
Approach

Key Findings

Hossain (2025) To develop AI-
driven financial 
analytics models 
for market risk 
prediction and 
i n v e s t m e n t 
decision support.

Hybrid Deep 
Neural Networks 
(DNNs) & 
G e n e r a t i v e 
A d v e r s a r i a l 
N e t w o r k s 
(GANs)

Market risk 
m o d e l i n g 
and portfolio 
optimization

Q u a n t i t a t i v e 
e x p e r i m e n t a l 
modeling using 
U.S. enterprise 
data

G e n e r a t i v e 
hybrid models 
achieved 19% 
higher risk 
p r e d i c t i o n 
accuracy over 
linear regression; 
i m p r o v e d 
adaptability in 
volatile markets.

O m o r u y i 
(2025)

To evaluate 
c o m p u t a t i o n a l 
methods for 
financial risk 
assessment using 
data science-driven 
validation.

G e n e r a t i v e 
P r o b a b i l i s t i c 
Models & 
Reinforcement 
Learning (RL)

F i n a n c i a l 
planning and risk 
assessment

S i m u l a t i o n -
based validation 
and Monte 
Carlo sensitivity 
analysis

A I - d r i v e n 
g e n e r a t i v e 
v a l i d a t i o n 
f r a m e w o r k s 
o u t p e r f o r m 
t r a d i t i o n a l 
VaR (Value at 
Risk) models in 
robustness and 
outlier detection.

P i a c e n t i n o 
(2025)

To explore the 
t r a n s f o r m a t ive 
role of  AI in 
corporate and 
personal finance 
decisions.

Tr an s fo r mer-
based Large 
L a n g u a g e 
Models (LLMs)

C o r p o r a t e 
finance and credit 
valuation

Mixed-method 
d i s s e r t a t i o n 
( q u a n t i t a t i v e 
modeling + 
interviews)

G e n e r a t i v e 
LLMs improve 
credit valuation 
t r a n s p a r e n c y 
and automate 
scenario testing, 
but human 
o v e r s i g h t 
remains essential.

Sai et al. (2025) To identify 
generative AI 
a p p l i c a t i o n s , 
case studies, and 
challenges in 
financial analytics.

G A N s , 
D i f f u s i o n 
M o d e l s , 
T r a n s f o r m e r 
Architectures

F o r e c a s t i n g , 
fraud detection, 
valuation

S y s t e m a t i c 
literature review 
and cross-case 
analysis

G e n e r a t i v e 
AI improves 
synthetic data 
creation for 
stress testing; 
diffusion models 
o u t p e r f o r m 
GANs in noise 
reduction and 
realism.

Krause (2023) To analyze 
capabilities and 
risks of  ChatGPT, 
Bard, and Bing 
AI in financial 
analytics.

Large Language 
Models (GPT, 
PaLM, Claude)

A c c o u n t i n g , 
a u d i t i n g , 
and strategic 
forecasting

C o m p a r a t i v e 
model analysis 
using benchmark 
tasks

L L M s 
o u t p e r f o r m 
traditional NLP 
in sentiment 
and text-based 
valuation, but 
exhibit bias and 
h a l l u c i n a t i o n 
risks in financial 
statements.
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Kumar et al. 
(2025)

To assess the use of  
generative AI for 
accurate financial 
f o r e c a s t i n g 
and accounting 
automation.

Tr an s fo r mer-
based LLMs and 
GAN ensembles

F i n a n c i a l 
f o r e c a s t i n g , 
r e v e n u e 
prediction

E m p i r i c a l 
modeling using 
sectoral datasets

H y b r i d 
g e n e r a t i v e 
models increase 
f o r e c a s t 
precision by 
22% vs. ARIMA; 
o u t p e r f o r m 
conventional ML 
by leveraging 
textual-financial 
data fusion.

Saivasan & 
L o k h a n d e 
(2023)

To explore 
synergies between 
generative AI and 
metaverse for 
financial analytics.

G A N s 
integrated with 
3D Generative 
Simulations

F i n a n c i a l 
v i s u a l i z a t i o n 
and predictive 
modeling

Conceptual + 
e x p e r i m e n t a l 
prototype study

Demonstra ted 
that metaverse-
integrated GANs 
enable immersive 
scenario analysis; 
outperform static 
dashboards in 
decision realism.

Ravichandran 
et al. (2024)

To design 
g e n e r a t i v e 
business analytics 
models from 
unstructured data.

Tr an s fo r mer-
based LLMs & 
GANs

P r e d i c t i v e 
business analytics 
and valuation

E x p e r i m e n t a l 
study using text–
numerical hybrid 
datasets

G e n e r a t i v e 
a n a l y t i c s 
o u t p e r f o r m 
t r a d i t i o n a l 
BI tools by 
a u t o m a t i n g 
insight extraction 
from textual data 
and reducing 
latency.

Sriram & Seenu 
(2023)

To apply neural 
networks and 
g e n e r a t i v e 
a u t o m a t i o n 
in integrated 
payment solutions.

R e c u r r e n t 
Neural Networks 
(RNNs) with 
G e n e r a t i v e 
Layers

Tr a n s a c t i o n a l 
analytics and 
p a y m e n t 
forecasting

M o d e l - d r i ve n 
q u a n t i t a t i v e 
analysis

G e n e r a t i v e 
RNNs reduced 
f a l s e - p o s i t i ve 
t r a n s a c t i o n 
errors by 27% 
compared to 
r u l e - b a s e d 
payment systems.

Sourav et al. 
(2025)

To investigate 
n a t i o n a l - l e v e l 
economic impacts 
of  generative 
AI on business 
analytics.

Tr an s fo r mer-
Large Language 
Models (GPT-4 
variants)

Macroeconomic 
m o d e l i n g 
and financial 
forecasting

Secondary data 
review and 
c ros s - coun t r y 
c o m p a r a t i v e 
study

Found macro-
level gains in 
forecast accuracy 
and decision 
efficiency, but 
warned of  
systemic bias 
and explainability 
deficits.

P a t t a n a y a k 
(2022)

To assess how 
generative AI 
r e v o l u t i o n i z e s 
market analysis 
in business 
consulting.

GANs and 
V a r i a t i o n a l 
Autoencoders 
(VAEs)

M a r k e t 
intelligence and 
c o m p e t i t i v e 
forecasting

C o n c e p t u a l 
f r a m e w o r k 
with simulation 
validation

Generative AI 
enhances market 
trend prediction 
via synthetic data 
augmentat ion ; 
t r a d i t i o n a l 
regression lacks 
flexibility for 
dynamic trends.
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de Kok (2025) To examine 
how ChatGPT-
like models 
can aid textual 
financial analysis 
and accounting 
research.

G e n e r a t i v e 
L L M s 
( C h a t G P T , 
Gemini)

Accounting and 
textual financial 
modeling

Methodological 
guide and 
e m p i r i c a l 
validation on 
earnings reports

LLMs improve 
interpretability 
and narrative 
analytics but 
require fine-
tuning to 
reduce financial 
hallucinations.

Kanbach et al. 
(2024)

To explore 
generative AI’s 
influence on 
business model 
i n n o v a t i o n 
and financial 
transformation.

Diffusion and 
LLM Hybrid 
Frameworks

Strategic financial 
m a n a g e m e n t 
and innovation 
modeling

M u l t i - c a s e 
q u a l i t a t i v e 
analysis (n=9 
firms)

G e n e r a t i v e 
f r a m e w o r k s 
e n h a n c e 
i n n o v a t i o n 
in financial 
m o d e l i n g , 
outperforming 
t r a d i t i o n a l 
analytics in 
adaptability and 
design flexibility.

are now increasingly replaced or extended by GANs, 
Transformer-based Large Language Models (LLMs), 
Variational Autoencoders (VAEs), and reinforcement 

learning hybrids. This change reflects the growing need 
for nonlinear pattern detection, contextual understanding, 
and predictive forecasting in dynamic financial uncertainty.

Table 2: Study Characteristics for studies on how AI-driven analytics influence strategic decision-making in corporate 
finance and investment
Author/ Year Research Aim AI Model Type S t r a t e g i c / 

F i n a n c i a l 
Domain

Methodological 
Approach

Key Findings

Celestin & 
Mishra (2025)

To examine 
how AI-driven 
analytics enhance 
forecasting, risk 
m a n a g e m e n t , 
and financial 
decision-making in 
corporate finance.

Deep Neural 
N e t w o r k s 
( D N N s ) , 
G A N - b a s e d 
Forecasting

C o r p o r a t e 
finance and 
i n v e s t m e n t 
strategy

Q u a n t i t a t i v e 
modeling using 
financial time-
series data

Reported 24% 
i m p r o v e m e n t 
in forecast 
accuracy and 
30% reduction 
in decision 
cycle time; AI 
enabled real-
time portfolio 
rebalancing.

Ahirrao et al. 
(2025)

To assess AI-
powered predictive 
analytics in 
t r a n s f o r m i n g 
business decision-
making.

Reinforcement 
Learning (RL) 
& Bayesian 
Networks

Business strategy 
and capital 
allocation

S i m u l a t i o n -
based predictive 
modeling

A I - d r i v e n 
strategy systems 
e n h a n c e 
a d a p t a b i l i t y 
and reduce cost 
inefficiencies by 
18%; outperform 
r u l e - b a s e d 
decision systems 
in resource 
optimization.
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Badmus et al. 
(2024)

To evaluate the 
role of  AI in 
corporate analytics 
and strategic 
decision-making.

Hybrid ML–AI 
f r a m e w o r k s 
(DNNs + NLP 
models)

B u s i n e s s 
intelligence and 
decision support

S y s t e m a t i c 
literature review 
and case analysis

I d e n t i f i e d 
significant gains 
in accuracy and 
speed; cautioned 
against opacity 
in model 
in te rpre ta t ion 
and auditability 
challenges.

Nweke & 
Adelusi (2025)

To analyze AI 
forecasting and 
optimization for 
strategic corporate 
planning.

Reinforcement 
Learning (RL) 
& Transformer 
models

Strategic planning 
and corporate 
finance

E m p i r i c a l 
analysis using 
f i n a n c i a l 
p e r f o r m a n c e 
data

AI forecasting 
e n h a n c e d 
s c e n a r i o -
based planning 
a c c u r a c y ; 
improved ROI 
projections by 
16% compared 
to historical 
trend models.

Pillai (2023) To integrate 
AI-driven big 
data analytics 
for enhanced 
decision-making in 
financial markets.

Trans fo r mer-
based LLMs & 
GANs

Financial market 
strategy

Mixed-method 
q u a n t i t a t i v e 
analysis

Demonstra ted 
superior speed 
and accuracy 
in market 
trend analysis; 
AI reduced 
latency in data-
t o - d e c i s i o n 
pipelines by 35%.

Hossain (2025) To develop AI 
models for market 
risk prediction 
and investment 
decision-making.

GANs & Deep 
Reinforcement 
Learning

Investment risk 
management

Q u a n t i t a t i v e 
modeling using 
enterprise-level 
data

AI systems 
ou tpe r fo r med 
e c o n o m e t r i c 
baselines in risk-
adjusted return 
accuracy; enabled 
adaptive decision 
loops.

C h o w d h u r y 
(2024)

To assess AI-
driven analytics for 
operational and 
decision-making 
efficiency.

Neural Network 
O p t i m i z a t i o n 
(DNNs + 
CNNs)

O p e r a t i o n s 
and strategic 
management

Empirical case 
study

Found 20–25% 
improvement in 
decision speed; 
AI reduced 
redundant data 
analysis costs 
significantly.

Nweke & 
Owusu-Berko 
(2025)

To explore 
i n t e g r a t e d 
predictive and 
p r e s c r i p t i v e 
analytics in 
c o r p o r a t e 
decision-making.

H y b r i d 
Reinforcement 
+ Prescriptive 
AI Systems

C o r p o r a t e 
strategy and 
operations

L o n g i t u d i n a l 
mult i - industr y 
analysis

A I - d r i v e n 
s y s t e m s 
improved cross-
f u n c t i o n a l 
d e c i s i o n 
a l i g n m e n t ; 
y i e l d e d 
faster capital 
allocation under 
uncertainty.
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Ghosh (2025) To analyze AI’s 
t r a n s f o r m a t ive 
influence on data-
driven strategic 
leadership.

Cognitive AI 
systems & LLMs

S t r a t e g i c 
m a n a g e m e n t 
and leadership 
decisions

C o n c e p t u a l 
a n a l y s i s 
supported by 
industry cases

Found enhanced 
s t r a t e g i c 
foresight through 
data fusion; AI 
reduced human 
bias but increased 
d e p e n d e n c y 
on algorithmic 
interpretation.

Sharma (2023) To explore 
financial analysis as 
a tool for strategic 
decision-making.

P r e d i c t i v e 
Analytics + 
Decision Tree 
Models

C o r p o r a t e 
finance and 
strategic growth

T h e o r e t i c a l -
e x p l a n a t o r y 
approach

Highlighted AI’s 
contribution to 
cost-efficiency 
and capital 
o p t i m i z a t i o n ; 
s u g g e s t e d 
c o m b i n i n g 
analytics with 
q u a l i t a t i v e 
judgment.

Garcia & 
Adams (2022)

To examine 
A I - e n a b l e d 
d a t a - d r i v e n 
decision-making 
for strategic 
advantage.

M a c h i n e 
Learning and 
D e c i s i o n 
Optimization

C o r p o r a t e 
strategy and 
analytics

Empirical survey 
across firms

Found that 
AI integration 
i m p r o v e d 
decision cycle 
speed by 28% 
and reduced 
analytical costs; 
early adopters 
a c h i e v e d 
m e a s u r a b l e 
c o m p e t i t i v e 
advantage.

Jowarder (2024) To explore 
A I - g e n e r a t e d 
strategic insights 
for business 
development.

G e n e r a t i v e 
Tr a n s f o r m e r 
Models

B u s i n e s s 
development and 
strategic insight

Conceptual + 
empirical cross-
case design

Found that 
AI systems 
improve strategic 
responsiveness 
and accuracy 
in competitive 
forecasting.

Through Table 2, these studies indicate that AI-based 
analytics have evolved from being a predictive tool to 
becoming a decision-making force in corporate finance 
and investment environments. But, the commonality 
across approaches is that deep learning, generative, and 
reinforcement-based AI models deliver measurable 
enhancements in accuracy, speed, and cost efficiency, 
while redefining managerial decision structures.
Table 3 indicated that human supervision and ethical 
control are nevertheless necessary for the reliable and 
responsible use of  generative AI in financial decision 
making. While transformer-based and generative models 
have increasingly developed in parallel across financial 
institutions, their opacity, autonomy, and self-optimizing 
nature have produced new epistemic and regulatory 
challenges that human expertise must continue to 
manipulate.

DISCUSSION
5.1 Current applications:  Generative AI and advanced 
analytic techniques used in financial modeling and 
valuation, and how they compare with traditional models
A visible evolutionary curve can be observed among 
the studies examined regarding the basic econometric 
models toward generative, adaptive, and hybrid AI in 
financial modeling and valuation. Classical forecasting 
methods such as ARIMA, GARCH, and OLS regression 
which had been the staple of  econometric prediction are 
increasingly being viewed as inappropriate to the high-
dimensional, non-linear and dynamic reality of  present-
day financial markets. However, Generative Adversarial 
Networks (GANs), Transformer-based LLMs, VAEs and 
reinforcement learning hybrids are altering how analysts 
acquire a view of  market volatility, counterfactuals, and 
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Table 3: Study Characteristics for roles human expertise and oversight play in implementing generative AI for financial 
decisions
Author/
Year Research Aim AI Model / 

Context
Focus Area Methodological 

Approach
Key Findings

H o l z i n g e r , 
Zatloukal & 
Müller (2025)

To explore whether 
m e a n i n g f u l 
human oversight 
remains possible 
in advanced AI 
systems.

G e n e r a l 
generative AI 
(LLMs, GANs)

Human oversight, 
explainability

Conceptual & 
analytical paper

Argues that 
human oversight 
is diminishing 
due to AI 
opacity and 
speed; proposes 
" h u m a n - i n -
c o m m a n d " 
f r a m e w o r k s 
for adaptive 
oversight.

Raza et al. 
(2025)

To define 
r e s p o n s i b i l i t y 
across data, 
models, users, 
and regulations 
in generative AI 
systems.

Generative AI 
across sectors

E t h i c a l 
accountab i l i t y 
and data 
governance

G l o b a l 
c o n c e p t u a l 
framework

Identifies multi-
s t a k e h o l d e r 
r e spons ib i l i t y 
gaps; emphasizes 
r e g u l a t o r y 
harmonization 
and AI ethics 
auditing.

Bartáková et al. 
(2025)

To evaluate 
capacity and 
limitations of  
generative AI in 
financial decision-
making.

G e n e r a t i v e 
adversarial and 
t r a n s f o r m e r -
based systems

R e l i a b i l i t y , 
interpretability

E m p i r i c a l 
modeling and 
survey

Finds that 
AI improves 
speed and 
data synthesis 
but lacks 
expla inabi l i ty ; 
calls for human 
validation in 
financial models.

Kumari, Singh 
& Utpal (2025)

To examine 
media’s role in 
oversight and 
governance of  AI 
in FinTech.

Generative AI 
in financial 
communication

Accountabi l i ty 
and transparency

Mixed-method 
review

Highlights media 
as a secondary 
o v e r s i g h t 
m e c h a n i s m ; 
public reporting 
p r e s s u r e s 
institutions to 
adopt ethical AI 
practices.

Tekale (2024) To assess AI 
g o v e r n a n c e 
frameworks in 
underwriting and 
insurance claims.

Generative and 
decision-based 
AI systems

R e g u l a t i o n , 
bias detection, 
explainability

Case study 
& regulatory 
analysis

N o t e s 
effectiveness of  
2024 regulatory 
u p d a t e s ; 
stresses need 
for algorithmic 
t r a n s p a r e n c y 
and model 
auditability.
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G’sell (2024) To explore 
g o v e r n a n c e 
options for 
generative AI 
under uncertainty.

LLMs and 
diffusion-based 
financial models

R e g u l a t o r y 
u n c e r t a i n t y 
and adaptive 
compliance

P o l i c y - l e g a l 
analysis

A d v o c a t e s 
for dynamic, 
r i s k - b a s e d 
g o v e r n a n c e 
that co-evolves 
with model 
sophistication.

Saha, Rani & 
Shukla (2025)

To survey global 
perspectives on 
AI in financial 
institutions.

G e n e r a t i v e 
AI systems in 
banking and 
trading

Global regulation 
and ethical risk

L a r g e - s c a l e 
global survey 
( n = 4 2 0 
institutions)

Finds lack 
of  global 
standardization; 
i n s t i t u t i o n s 
demand clearer 
rules on liability, 
data provenance, 
and cross-border 
AI compliance.

Chauhan et al. 
(2025)

To analyze AI’s 
t r a n s f o r m a t ive 
impact on 
decision-making 
and operational 
efficiency.

Generative AI in 
FinTech

H u m a n - A I 
collaboration

Mixed-method 
c ross - sec tora l 
analysis

R e p o r t s 
efficiency gains 
but warns of  
over-automation; 
calls for human 
i n t e r p r e t i v e 
checks in high-
stakes finance.

Hacker, Engel 
& Mauer (2023)

To propose 
g o v e r n a n c e 
for generative 
AI models like 
ChatGPT in 
finance.

L L M s 
(ChatGPT, Bard)

Regulation and 
risk mitigation

Legal-technical 
paper presented 
at ACM FAccT

I n t r o d u c e s 
l a y e r e d 
regulation: pre-
d e p l o y m e n t 
t e s t i n g , 
a l g o r i t h m i c 
transparency, and 
post-deployment 
monitoring.

Aldasoro et al. 
(2024)

To study AI’s 
s t r u c t u r a l 
transformation of  
financial systems.

Hybrid AI 
e c o s y s t e m s 
(predictive + 
generative)

R e l i a b i l i t y , 
systemic risk, 
policy

I n s t i t u t i o n a l 
analysis (BIS)

Notes systemic 
interdependence 
between AI 
models and 
human oversight; 
emphasizes AI 
risk literacy for 
regulators and 
executives.

Table 4: Thematic Analysis
S/N Themes Sub-Themes/ Codes
1 Current Applications - Generative AI models in financial forecasting and valuation (Kumar et al., 2025; 

Sai et al., 2025; Hossain, 2025) 
- Transformer and GAN-based market prediction (Che et al., 2024; Pattanayak, 
2022) 
- Automated financial reporting and audit analytics (Sriram, 2022; de Kok, 2025) 
- Integration with metaverse and immersive finance (Saivasan & Lokhande, 2023) 
- Textual analysis and sentiment mining using LLMs (Krause, 2023; Ravichandran 
et al., 2024)
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2 Dec i s i on -Mak ing 
Effects

- Strategic and corporate finance decision support (Celestin & Mishra, 2025; Nweke 
& Adelusi, 2025) 
- Predictive and prescriptive analytics for capital allocation (Ahirrao et al., 2025; 
Pillai, 2023) - Operational efficiency and speed of  insight generation (Chowdhury, 
2024; Ghosh, 2025) 
- Accuracy and cost-efficiency improvements (Badmus et al., 2024; Hossain, 2025) 
- Data-driven strategic agility (Garcia & Adams, 2022; Jowarder, 2024)

3 H u m a n – A I 
Integration and Risks

- Human oversight and interpretability challenges (Holzinger et al., 2025; Bartáková 
et al., 2025) 
- Ethical and accountability frameworks (Raza et al., 2025; Kumari et al., 2025) 
- Bias detection and fairness in financial AI (Tekale, 2024; Saha et al., 2025) 
- Regulatory uncertainty and global compliance (Hacker et al., 2023; G’sell, 2024) 
- Human-in-command and risk literacy (Aldasoro et al., 2024; Chauhan et al., 2025)

offer forward-looking values (Sai et al., 2025; Kumar et al., 
2025; Hossain, 2025). The ability of  generative models 
to synthesize both structured and unstructured data is an 
important development, as they do not rely on relationship 
predicates, as in the econometric methods but rather 
learn latent features and can thus predict uncertainty 
and simulate complex associations. Hossain (2025) 
unveils that GAN augmented neuromodels are sought 
to achieve far better risk prediction performance over 
econometric baselines by more than 19 % in the case of  
U.S. enterprises, with the most notable attribute being the 
other market realities to be modeled by them. Moreover, 
Omoruyi (2025) and Piacentino (2025) demonstrate that 
transformer-based models can dynamically stress-test and 
test capital plans, giving a process that is continuously 
adaptive instead of  the Value-at-Risk or linear regression-
based tools with their definite limits.
Adaptive learning abilities applied to the integration 
of  textual and multimodal data, and transformer-
based LLMs have been ground breaking. According 
to Ravichandran et al., (2024), currently financial 
organisations implement the use of  LLMs like GPT and 
PaLM that reflect earnings reports, economic analysis, 
and real mood in the market along with numerical data. 
Such a combination of  qualitative and quantitative 
insights will provide more precise data of  valuation 
and contextual decision-making compared to the usual 
business intelligence (BI) systems that typically manually 
derive features. Krause (2023) continues the argument 
by highlighting that the newer NLP systems are more 
effective than older ones in financial sentiment analysis, 
though the system carries significant risks when it comes 
to using synthetic or unverified textual input. Generative 
architectures also possess many obvious benefits over 
econometric models including adaptive learning, high-
dimensional data synthesis, and modeling. Kumar et al. 
(2025) discover that the hybrid transformer-GAN makes 
predictions with 22% higher accuracy than ARIMA when 
predicting the qualitative and quantitative information. 
Sai et al. (2025) also demonstrate that a recent subdivision 
of  the generative AI is diffusion models that are more 
reliable and realistic in providing synthetic data to market 
simulation, and thus increase the precision of  stress 
testing and predictions of  rare events. Transparency 

and interpretability are also important aspects of  the 
old models of  the economy, which are becoming 
less predictive and less conscious of  the context and 
predictive ability of  AI methods (Bartakovach et al., 
2025). The growth of  the generative finance is an area 
that has been a subject of  study in a number of  studies. 
Those are used in market forecasting and risk assessment 
(Hossain, 2025; Bai et al., 2024) as well as in business 
valuation and strategy modeling (Kanbach et al., 2024; 
Doshi et al., 2025). According to Saivasan and Lokhande 
(2023), a new feature refers to GANs in combination 
with the visualization of  the metaverse, where 3D visual 
forms are used to emphasize the fact that the financial 
forecast made in a spreadsheet format is not very suitable 
and immersive 3D environment can significantly help 
in the real-time modelling of  a situation and interactive 
decision-making. Equally, Sriram and Seenu (2023) 
demonstrate that repeated generative networks in 
integrated payment systems lessen transaction errors 
and improve ability to detect abnormalities, although 
the logic of  their probabilistic nature is impractical to 
audit in compliance-intensive settings. However, despite 
the above performance advantages, generative models 
continue to have unaddressed interpretability, auditability 
and governance challenges. Krause (2023) and Piacentino 
(2025) emphasize the role of  transformer-based systems 
as a kind of  black boxes with which regulators and auditors 
do not know how to predict the outputs of  the activities. 
Opposing this, de Kok (2025) expresses his concern 
about accounting research, where he observes Basing 
financial judgments on ChatGPT-based explanations may 
be wrongly tested on domain-specific fine-tuning. On the 
same note, Bartakova et al. (2025) emphasize that despite 
the fact that the generative system helps in the decision-
making process, the opaque nature of  the system lowers 
the financial accountability particularly when the artificial 
valuations produced by AI impact the capital markets or 
regulatory reports. Put collectively, these data mark that 
there is a danger of  elimination of  the institutional trust 
under the posing of  the accuracy that cannot be clarified 
a paradox not unique to the conventional transparent 
econometric regimes. Regarding model risks and 
regulative accountability, Sourav et al. (2025) may suggest 
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that generative systems may raise accumulative errors in 
the macroeconomic data at country scale through training 
on biased or partial macroeconomic data. Omoruyi (2025) 
continues to warn that reinforcement learning agents 
might be able to make adaptive judgements, however, they 
also might cause overfitting to historical volatility, leading 
to the policy outcomes being fragile or unstable. These 
remarks shed light on the fact that human monitoring is 
essential, particularly when AI environments are highly 
performing (Piacentino, 2025; Krause, 2023).
However, generative AI is a paradigmatic change 
in epistemology and a buildup in technology in the 
production and confirmation of  financial judgement.  
Conventionally econometric models incorporate the 
notion of  stability and linear causality through constant, 
unemodulated functional forms whereas generative 
models incorporate changing, dynamic, priors, which are 
learnt based on real-time feedback (Kanbach et al., 2024).  
This is flexibility of  enabling opportunities of  designing 
business models, which gives organisations possibilities 
to experiment hypothetical values, market trends / 
investment or movements previously unfeasible due to 
the deterministic modeling.
5.2 Decision-making effects: How AI-driven analytics 
influence strategic decision-making in corporate 
finance and investment, and what evidence exists for 
improvements in accuracy, speed and cost efficiency
The key advantage of  AI-driven analytics is that the 
predictive accuracy increases, Celestin and Mishra (2025) 
demonstrate that the production of  GANs in the risk 
modeling methodologies is 24% more dependable than 
a customary model, and they concur with Kumar et al. 
(2025), that the term their importance to the application 
of  AI is significant since it can bring to light tiny nonlinear 
patterns that are not present in their traditional model. 
Analytics is more effective with transformers than with 
ARIMA and VAR models, even in the volatile capital flow 
analysis, Hossain (2025) and Nweke and Adelusi (2025) 
also show. Che et al. (2024) also supplement these results 
by showing that implementing generative AI to predict 
financial markets enhances the time sensitivity of  the 
model but also stabilizes the decision results when the 
data in these experience high frequency volatility. More 
importantly, yet, the reliance of  the advances in accuracy 
on the quality of  the training data introduces a structural 
vulnerability, as data bias can deprive learning results of  
mispricing the system or of  misinformed investment 
expectations. According to Bartakova et al. (2025) AI 
systems excel in modeling accuracy, although they are 
affected by the context of  their performance in terms of  
training representativeness and data openness, and high 
accuracy does not mean absolute reliability.
AI is a significant factor in the speed and agility of  
decision-making, and transformer-based analytics 
decreases data-to-decision time by 35 percent, according 
to Pillai (2023); and deep network automation speeds up 
decision time by 25 percent, according to Chowdhury 
(2024). This trend falls in tandem with the arguments 

made by Ravichandran et al., (2024) that the generative AI 
automates business intelligence processes to the extent 
it allows decision-making and scenario simulations to be 
conducted at any given time. These swifter innovation 
can be applied to corporate finance with the aim of  
managing the risk and exploiting arbets by reacting to 
market volatility. Nevertheless, the option of  shortening 
the time frame of  deliberative supervision may be also 
effective through the acceleration of  decision-making 
processes. Doshi et al. (2025) argue that speed brought 
about by AI in cases where executives make decisions 
without interpretation questions generates the speed/
slowness paradox, where the reaction time is slower 
than otherwise, and consequently, this can be used to 
exceed reflective judgement. Due to this, AI makes the 
decision-making process faster, yet it could also reduce 
the level of  thought in making important financial 
decisions. According to Ahirrao et al. (2025) and Badmus 
et al. (2024), automated multi-scenario assessments and 
optimisation reduce the amount of  repetitive analytical 
tasks and allow distributing financial resources more 
effectively. Saivasan and Lokhande (2023) also indicate 
that the automation explained by AI in metaverse-
connected finance system reduces data processing 
costs by 18-22 percent and operational productivity 
through smart process integration. The same researchers 
(Ravichandran Sr. et al., 2024) further substantiate this 
finding by demonstrating that with the help of  AI-driven 
business intelligence automation human redundancy 
of  pipelines of  data can be reduced to a minimum and 
even lead to the development of  cost saving that can be 
demonstrable without the compromising of  any analytical 
richness. Those economic gains though leave out part of  
the intricate form of  government. This deprivation of  
the human ability to interpret will confuse the chain of  
reasoning in decision making and this is particularly a 
nightmare to the financial auditors and regulators. The 
cost of  implementing the mechanisms of  the explanations 
and the lack of  transparency should then be considered in 
comparison to the savings.
Besides performance, AI-based analytics are also 
connected with how organisations think, act and design 
decisions. According to Ghosh (2025), this is the 
emergence of  algorithmic strategic intelligence that is the 
idea that AI systems integrate the constantly changing 
flows of  data to build up the strategy together. Goel and 
Mahur (2025) further support this idea by claiming that AI-
driven business analytics move decision-making towards 
the active modeling, and not the retrospective analysis. 
It is under this change that cross-functional consistency 
could easily be introduced as evidenced by Nweke 
et al., (2025) when the integrations of  predictive and 
prescriptive integrations of  real-time finance, operations, 
and executives are introduced to present a unitary 
framework of  decisions. Nevertheless, this coherence can 
also be an issue of  dependency algorithm. As suggested 
by Chauhan et al. (2025), such excessive dependency on 
algorithmic thought can destroy managerial intuition 
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and ethical thought especially in opaque black box 
models. AI offers greater level of  strategic literacy, but 
it needs interpretative literacy of  decision-makers to 
prevent the issue of  technological determinism. The 
issues that arise regarding the utilization of  AI-powered 
analytics are governance challenges related to the areas of  
accountability, prejudice, and transparency. Even the latest 
generative AI systems, including ChatGPT and Bard, are 
said to be hegemonic between the financial discourse 
and lack clear reasoning choices (Krause, 2023). This 
traceability is affected by such lack of  transparency in the 
financial decision audit, which is a heavy burden in terms 
of  regulatory compliance in corporate finance. According 
to Bartakova et al. (2025) and Badmus et al. (2024), the 
additional requests of  explainable AI models that can 
incorporate both the performance and interpretability 
have been suggested; these offer human intervention 
in the flow of  information automated decision-making. 
The issue of  ethics is among the problems, which are 
essential as answering the question whether the strategic 
inclusion of  AI makes it possible to keep on improving 
the quality of  life or make the dependency even more 
severe. According to Sriram (2022), the implementation 
of  the generative AI to the financial reporting entails 
open human-AI partnership to establish accountability 
and trust in the financial intelligence systems.
5.3 Human-AI integration and risks: Roles human 
expertise and oversight play in implementing generative 
AI for financial decisions, and what ethical, reliability and 
regulatory challenges have been identified
One of  the most significant concerns in the integration 
of  financial AI is a loss of  human intuition as generative 
systems become more independent. Holzinger et al. 
(2025) believe that human monitoring of  high-frequency 
trading and automated underwriting has become 
entirely symbolic, because algorithmic operations are 
extraordinarily quick and complicated and far surpass 
human comprehension levels. This opinion is further 
supported by Bartáková et al. (2025), who point out 
that while generative models are a great way to combine 
various financial datasets for forecasting, their decision-
making is still mostly opaque and requires interpretive 
validation after the fact to guarantee reliability and 
regulatory compliance. The gap in interpretability is also 
noted by Krause (2023), who explored large language 
models like ChatGPT and Bard in financial analytics. 
These models, Krause argues are black boxes that, 
though analytically admirable, produce outcomes that are 
contextually persuasive, but cognitively imperceptible. On 
the same note, Sriram (2022) asserts that implementing 
generative AI in financial reporting systems enhances the 
effectiveness of  analytical operations at the expense of  
the transparency of  causal reasoning. 
Ethical responsibility grows as financial institutions 
develop and grow more dependent on generative AI. 
In Raza et al. (2025), the essence of  mistakes in AI-
financial systems is often not clearly defined because 
of  flawed data, biased training data, or architectural 

mistakes that make it difficult to identify the causes 
of  the fault. Under such conditions, human control 
develops into reactive control rather than active ethical 
design and control. As Chauhan et al. (2025) note, human 
expertise is now a kind of  a safeguard of  last resort, 
particularly in high-stakes domains of  decisions, e.g., the 
risk assessment and investment strategy. Human beings 
act as a liaison between algorithms and situations, and it 
is intended to lessen the automation bias by means of  
moral judgment. Goel and Mahur (2025) also propose 
that financial professionals are supposed to act as AI-
enhanced interpreters who can appropriately and ethically 
contextualize AI outputs. However, these expectations 
are based on the presumption of  an AI knowledge 
base that most businesses do not have a gap that risks 
transforming human control into formal adherence as 
opposed to actual moral engagement.
The financial regulation of  AI is chaotic and unpredictable. 
Both Tekale (2024) and G’sell (2024) indicate that despite 
the presence of  new policy frameworks where bias 
detection, explainability, and fairness auditing are required, 
they are still in diverse ways enforced across countries. 
Regulatory asymmetry was specifically cited in a study 
published in Saha et al., (2025) as the primary factor that 
banks should raise concerns about to prevent the use of  AI 
regarding cross-border data control and the obligation of  
algorithms as a regulatory factor, which is unpredictable. 
To substantiate this, Saivasan and Lokhande (2023) 
assert that the fast development of  the generative AI 
and metaverse-linked financial systems is a failure of  the 
current policy structures where the enterprises are left at 
the stage of  making compliance judgements in ambiguity. 
G’sell (2024) presents a good argument in favour of  risk-
based adaptive regulation, since there should always be a 
balance between technology innovation and governance 
as a part of  the governance structure. In the absence of  
this, generative AI will become a regulatory blind spot, 
which is enhanced by structural vulnerabilities in capital 
markets and consumer finance.
Aldasoro et al. (2024) and Chauhan et al. (2025) both 
arrive at a conclusion about the fact that human 
competence is not outdated, though it is redefined in 
the age of  AI-driven finance. Aldasoro refers to this 
as AI risk literacy and refers to it as now supervision 
as necessitating a combination of  quantitative literacy, 
ethical reasoning, and interpretive ability. This mixed 
power will not just allow humans to become fail-safes, 
but co-rule and moral overseers of  artificial intelligence. 
Ravichandran et al. (2024) further demonstrated that 
contextual correction, where individuals are made aware 
of  model anomalies and change outputs with domain 
experience, improves the decision quality in cases where 
human analysts are introduced as part of  AI-based loops 
in business intelligence. Sriram and Seenu (2023) also 
stress the necessity of  human in command in automated 
payment and trading systems, so that ethical check 
and responsibility can be embedded within financial 
automation systems.
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The bias, explanation, and agency attribution spreading 
are the most salient ethical issues. Hacker et al., (2023) 
provide a wide range of  regulatory definitions, which 
involve pre-deployment audits, constant interpretation 
test, and post-deployment monitoring. According to 
Bartakova et al. (2025), explainability interfaces can be 
used to enable auditors and compliance officers to pursue 
newly-caused pathways in AI-based financial outputs. 
In the absence of  transparency scaffolding, generative 
systems have a danger of  perpetuating an algorithmic 
obscurity, in which the conclusion has been reached as 
true mathematically, yet is either unethical or culturally 
objectionable. The financial industry has entered a new 
stage of  morality, just as it is planned by Kalia (2023): 
the institutions will have to define who bears the final 
responsibility in case of  a financial misjudgment, as the 
generative AI is gaining more cognitive powers. The 
need to assert legitimacy and culpability in AI-mediated 
monetary ecosystems, which this ethical issue highlights, 
is constant.

Recommendations for implementation
In order to facilitate the adequate and efficient use 
of  generative AI in the financial decisions process, 
organisations have to create the model of  balance, which 
is governance-based and considers human experience, 
ethical principles, and regulatory discretion. First, the 
companies must establish cross-functional oversight 
boards to have a combination of  data scientists, financial 
analysts, ethicists and compliance officers to ensure 
that the AI models are technically streamlined yet 
socially and ethically oriented. The human monitoring 
at each and every phase of  the AI life cycle collection, 
modeling, deployment, and post decision auditing will 
ensure that accountability remains constant and data gaps 
are not exacerbated. On the same note, organisations 
are advised to look into their own model design and 
repeated verification as explainability measures. Installing 
interpretive interfaces to translate the algorithmic 
reasoning into rational inferences enables human experts 
to discuss, corroborate, as well as build the knowledge that 
AI retrieves. In addition, the corporations ought to invest 
in AI literacy courses to provide a more thorough training 
to workers to reason ethically and possess technological 
skills such that human participants play an active role in 
regulation rather than passively observe.
Besides that, risk management should become more 
ethical by introducing fairness and bias detectors as 
well as ethical checks in the AI development pipeline to 
ensure that compliance is not a mandatory requirement 
but a proactive security control measure instead. Co-
operation with the regulators, industry players and civil 
society organisation can also enhance transparency 
and harmonisation of  the global standards; reducing 
regulatory asymmetry between the markets. Finally, AI 
should be used as an enhancer and not a decision maker 
through cultivating a culture of  human-in-command 
responsibility by financial institutions. This provides 

a balance between the ability of  human judgment to 
make a decision in a tactical financial context with the 
precision of  the AI analysis. As part of  technology 
and human responsibility, institutions can embrace the 
revolutionary potential of  generative AI, and still uphold 
trust, transparency, and ethical integrity that forms the 
foundation of  stable financial systems.

CONCLUSION
This systematic review examined the overlaps between 
generative artificial intelligence (GAI) and latest analytics 
and financial strategic decision-making. This review 
pointed that GAI is a paradigm shift to the old econometric 
and predictive analytic systems to adaptive and data-driven 
and cognitively enhanced financial intelligence systems. 
Nonlinear pattern recognition, contextual synthesis, and 
scenario simulation have altered financial modelling, 
valuation and forecasting by using GANs, transformer-
based LLMs, and diffusion architectures instead of  the 
traditional econometric models. Also, in this study, GAI 
was found to be more precise, quicker and less expensive 
than previous techniques in corporate finance and 
investment decisions. enhancing accuracy of  forecasting 
and  quicker decision making processes. However, there 
are political and ethical side effects that are associated with 
these performance gains. From this study, explainability, 
bias, and accountability are the challenges of  institutional 
adoption of  GAI, along with less human ambiguity or 
decision logic. Human oversight becomes therefore a 
basic one but not the passive one but rather the active 
co-regulatory tool that guarantees the ethical compliance, 
contextual interpretation and regulatory compliance. This 
study supports the importance of  human expertise to be 
considered a part of  the AI lifecycle so that high-stakes 
financial markets can maintain accountability and trust.
Lastly, the human judgement and the balance of  algorithmic 
intelligence remains important in financial modelling 
and strategic decision making. Organizations that share 
ideals of  leadership which focus on transparency, fairness 
and accountable human-in-commands are more likely 
to exploit the force of  GAI to transform and mitigate 
its systemic and moral threats. The generative AI is not 
just a technology, but rather, this is a way of  reinventing 
the epistemology, ethics, and strategic reasoning of  the 
present-day finance.
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