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ABSTRACT

The study investigates the empowerment of investors through the convergence of
emerging technologies, i.e., financial technology (FinTech), artificial intelligence &
machine learning (AlI/ML), and blockchain. The study primarily relies on structured
survey data, supplemented conceptually by insights from technology usage contexts,
the research tests six hypotheses across direct, mediation, and moderation models.

Findings reveal that FinTech adoption significantly enhances investor empowerment,
while blockchain usage improves trust, with trust acting as a mediator in the
empowerment pathway. Accessibility also mediates the relationship between FinTech
adoption and investor participation. However, Al/ML usage does not directly influence
empowerment, and the moderating effect of algorithmic bias was found to be
statistically insignificant, which dampen investor confidence. These results highlight
both the enabling potential and emerging risks of digital financial technologies,
including bias, cybersecurity vulnerabilities and systemic fragility in decentralised
finance. The study highlights the need for adaptive regulation, ethical Al design and
robust governance to ensure inclusive, transparent, and resilient financial innovation.

Keywords: Artificial Intelligence (Al)-C45; Machine Learning (ML)-C45; Blockchain-
GO33; Decentralised Finance (DeFi)-G23; Robo-advisory-G11; Financial Inclusion-
016; RegTech-G18.
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INTRODUCTION

The convergence of financial technology (FinTech), artificial intelligence and machine
learning (Al/ML), and blockchain has accelerated digital transformation across global
financial markets, reshaping how investors access financial services and how
innovators build scalable, transparent, and efficient financial products. This empirical
study examines the extent to which emerging technologies empower investors by
enhancing decision-making, increasing access, reducing costs, and fostering trust in
financial ecosystems. The study primarily relies on structured survey data,
supplemented conceptually by insights from technology usage contexts, thus the study
analyses the mechanisms by which technology-driven financial services create
tangible value and identifies the risks they introduce.

Background and Context: The Digital Transformation of Finance

The global financial landscape is undergoing a profound structural change, driven by
the rapid and accelerating convergence of financial technology (FinTech), artificial
intelligence and machine learning (Al/ML), and blockchain infrastructure. This digital
transformation is reshaping how investors access financial services and how
innovators build scalable, transparent, and efficient financial products. FinTech,
broadly, enables new business models that reduce transaction costs and increase
market participation; Al/ML introduces sophisticated predictive intelligence and hyper-
personalisation; and blockchain enhances transaction security, transparency, and the
potential for decentralisation.
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Figure 1 : Relevant issues and risks stemming from the deployment of Al in finance

This technological evolution is rooted in the progression from the fourth industrial
revolution (4IR), characterised by the fusion of physical, digital, and biological spheres
through technologies like Al, Blockchain, and Big Data, to the emerging fifth industrial
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revolution (5IR). The 5IR emphasises human-centric innovation, ethical Al, and
sustainability, leading to structural shifts in FinTech such as human-Al collaboration,
responsible technology design, and the integration of sustainable finance (ESG)
metrics. This convergence has created a powerful ecosystem that demands empirical
investigation, particularly regarding its effect on stakeholders.
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Figure 2 : Impact of Al on business models and activity in the finance Sector

Problem Statement and Research Gap

While the adoption of these frontier technologies is expanding rapidly, with global
investments in Al in financial services projected to exceed US$97 billion by 2027,
academic understanding of the mechanism by which they truly empower key
stakeholders, namely investors, remains underdeveloped. Existing literature often
focuses on isolated aspects, such as algorithmic trading, mobile banking, or specific
crypto assets. Consequently, there is a distinct gap in empirical work that integrates
the overall empowerment mechanism across the interconnected FinTech-Al-
Blockchain ecosystem.

The fundamental problem addressed by this study is to empirically establish the
degree to which these synergistic technologies enhance decision-making, increase
market access, reduce costs, and strengthen overall trust and innovation capacity for
the stakeholders they serve.

This study examines how the frontier technologies enhance investor confidence,
accessibility and innovation capacity, while also introducing risks such as algorithmic
bias, cybersecurity vulnerabilities, and systemic fragility in decentralised finance.
Using a mixed-methods design, the research tests direct effects (FinTech, AI/ML,
blockchain on empowerment), mediation effects (trust mediating blockchain’s impact;
accessibility mediating FinTech’s impact) and moderation effects (algorithmic bias
shaping Al’s influence on investor confidence). By integrating these analytical lenses,
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the study provides a holistic framework to understand how technology-driven financial
services empower stakeholders and bridge critical gaps in existing literature.

LITERATURE REVIEW

The Convergence of Frontier Technologies and the Evolution of Finance

The global financial landscape is undergoing a profound structural change, driven by
the rapid and accelerating convergence of financial technology (FinTech), artificial
intelligence and machine learning (Al/ML), and blockchain infrastructure?? . This
digital transformation is reshaping how investors access financial services and how
innovators build scalable, transparent, and efficient financial products!" . Ensuring that
those at the lower end of the economic ladder can actively participate in financial
activities is increasingly tied to the growing importance of digital financial inclusion!?!
. FinTech, broadly, enables new business models that reduce transaction costs and

increase market participation® ; AI/ML introduces sophisticated predictive
intelligence and hyper-personalisationl® ; and blockchain enhances transaction
security, transparency, and the potential for decentralisation®! . Emerging

technologies driving Industry 4.0, such as Al, machine learning, cognitive computing,
and blockchain, provide critical support to fintech entrants as well as traditional
incumbents?d!

This technological evolution is rooted in the progression from the Fourth Industrial
Revolution (4IR), characterised by the fusion of physical, digital, and biological
spheres through technologies like Al and Big Datal*® , to the emerging Fifth Industrial
Revolution (5IR). The 5IR emphasises human-centric innovation, ethical Al, and
sustainability, leading to structural shifts in FinTech such as human-Al collaboration,
responsible technology design, and the integration of sustainable finance (ESG)
metrics#l . This convergence has created a powerful ecosystem that demands
empirical investigation, particularly regarding its effect on stakeholders.

Artificial Intelligence and Machine Learning in Investment and Risk
Management

The role of Al and ML in financial services has expanded markedly over the past
decade, moving beyond traditional rule-based applications!'l . The proliferation of big
data and deep learning has enabled firms to draw on non-traditional data sources and
integrate natural language processing (NLP)-driven virtual assistants?’! . Currently,
generative Al is used to power sophisticated chatbots, automate report generation,
and create synthetic datasets for model training" .

In the financial sector, Al is opening new possibilities for customer interaction and
enabling alternative methods for credit evaluation, risk surveillance, fraud detection,
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and supervisory oversight? . Prior studies suggest that AlI/ML has the potential to
enhance investor decision-making and empowerment through predictive analytics and
personalised financial insights by improving predictive accuracy in portfolio
optimisation, enabling real-time risk scoring, and facilitating personalised financial
advice through robo-advisory platforms?¥ . However, empirical evidence remains
mixed, particularly in emerging markets where adoption levels and user trust vary
significantly. Investor participants reported increased confidence in their investment
decisions when supported by algorithmic analytics in volatile market contexts('®! .

Globally, the use of Al is expanding rapidly, with cumulative investments across
banking, insurance, capital markets, and payments projected to exceed significant
financial thresholds in the coming years®d . In emerging markets, such as India,
alternative credit scoring models powered by Al continue to broaden access to credit
for underserved segments, directly fostering financial inclusion® .

Blockchain, Decentralised Finance (DeFi), and Market Transparency

Blockchain technology is fundamental to this transformation, providing a secure,
transparent, and auditable infrastructure for transactions and smart contracts® . The
adoption of blockchain has demonstrated measurable improvements in transaction
security, auditability, and trust, thereby reducing information asymmetry and
operational inefficiencies across financial institutions34 .

This infrastructure supports the growth of Decentralised Finance (DeFi), which offers
the theoretical potential for self-learning, Al-driven smart contracts to form fully
autonomous blockchain networks, potentially eliminating reliance on external data
intermediaries®® . In this context, Al could support DeFi applications by enabling
automated credit scoring, investment advice, trading strategies, and insurance
underwriting!'® . This synergy between Al and blockchain is crucial for innovators
seeking to build scalable and trust-minimised financial products.

Emerging Risks, Ethical Challenges, and the Need for Governance

Despite the substantial efficiencies of these technologies, their adoption introduces a
wide and complex array of risks that stretch beyond conventional risk-management
approaches? . These challenges require more nuanced and deliberate attention:

a. Algorithmic Bias and Ethical Concerns: Al applications can introduce
substantial risks for consumers, particularly vulnerable populations. The
opaque, or "black box," nature of many Al models leaves consumers without
clarity on how key decisions such as credit approval are madel?"! | while
algorithmic bias risks deepening the marginalisation of individuals already
excluded from formal financial services!?®! .
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b. Cybersecurity and Data Vulnerabilities: Al presents a double-edged sword for
cybersecurity. While it enables faster threat detection and response, it can
also be exploited to orchestrate more sophisticated cyberattacks!'! . The
deployment of Al systems introduces fresh vulnerabilities, including data
poisoning, where adversaries compromise training data to cause models to
internalise incorrect patternst’! . Furthermore, the practice of data over-
collection contravenes core data-protection principles's! .

c. Systemic and Concentration Risks: In trading environments, Al adds
complexity to algorithmic trading as models continuously learn, enabling
autonomous execution. While this enhances liquidity, it also introduces risks,
including herding behaviour, flash crashes, and new forms of cyber
vulnerability arising from the widespread use of similar models?® . In DeFi
ecosystems, the integration of Al may magnify existing fragility, introducing
greater complexity into systems that are already difficult to regulate, monitor,
or fix the accountability™! .

The Research Gap

Despite this progress, academic understanding of how these technologies collectively
empower stakeholders, especially in emerging markets, remains underdeveloped .
Existing studies focus on isolated aspects, such as the efficiency of algorithmic
trading®¥ , the penetration of mobile banking!'¥! , or the regulatory challenges of crypto
assetsl® . There is a critical lack of empirical work that integrates the overall
empowerment mechanisms across the entire FinTech—Al-Blockchain ecosystem.
This study fills this gap by providing data-driven insights that empirically examine how
these technologies collaboratively shape investor confidence, decision-making, and
access to innovation-driven financial opportunities.

Research Objective and Hypothesis

This paper, therefore, empirically investigates the impact of emerging digital
technologies on key financial metrics: financial inclusion, investment decision-making,
risk management, and market efficiency. Specifically, the objective is to analyse the
mechanisms by which technology-driven financial services create tangible value for
investors while simultaneously identifying the new categories of risk they introduce.

Drawing on structured investor survey datasets including structured investor surveys,
usage data from leading FinTech platforms, algorithmic performance metrics, and
blockchain transaction analytics, this study employs a mixed-methods design to
evaluate how Al-driven analytics, robo-advisory algorithms, decentralised finance
(DeFi) platforms, and blockchain-based infrastructures influence investor confidence,
transparency, and innovation capacity.
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The primary objective of this study is to examine the influence of three key
technological domains - FinTech, Al/ML, and Blockchain - on investor empowerment,
considering the roles of trust, accessibility, and algorithmic bias.

The six hypotheses defined for the study are as follows in Table 1:

Hypothesis Type Description

H1 Direct FinTech adoption positively influences investor
empowerment

H2 Direct AI/ML-driven predictive analytics significantly
investor empowerment.

H3 Direct Blockchain usage increase_s investqf trust
through transparency and immutability.
Trust mediates the relationship between

H4 Mediation | blockchain adoption and investor
empowerment.

H5 Mediation Accessibility mediates the effect of FinTech
adoption on investor participation.

H6 Moderation Algorithmic bias moderates the relationship
between Al usage and investor Empowerment.

Table 1 : Test Hypothesis
RESEARCH METHODOLOGY AND DATA

The study employs a Quantitative Survey Approach to test the hypothesised cause-
and-effect relationships among the constructs. This design is best suited for analysing
attitudes, perceptions, and behaviours across a large sample size using standardised
measurement tools.

The entire measurement process is based on a 5-point Likert scale, where
respondents indicate their level of agreement with various statements: (1 = Strongly
Disagree to 5 = Strongly Agree).

Measurement Scales and Constructs

The analysis utilises the following latent variables in Table 2 or constructs, which are
measured by their respective multi-item scales within the online survey.

Construct Code Type Items
. . Independent
FinTech Adoption FA Variable FA1 to FA6
. Independent
Al/ML Usage & Perception AlU Variable AlU1 to AlU6
. Independent
Blockchain Trust & Transparency | BT Variable BT1to BT6
Investor Empowerment IE | Dependent Variable IE1 to IE6
Investor Trust IT | Mediator (H4) IT1toIT4

228 SAMVAKTI
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Construct Code Type Items
Investor ;
Participation/Accessibility AP Mediator (HS) AP1 to AP4
Algorithmic Bias Perception ABP | Moderator (H6) AEBP; ‘;[O

Table 2 : Variable Construct

Data Collection Procedure

The data for this study were collected using a structured online questionnaire designed
on digital survey platforms. The study employed purposive sampling through
institutional networks, investor associations and FinTech user groups. This approach
ensured that respondents had relevant exposure to financial technologies and could
provide informed perspectives on empowerment mechanisms.

The survey instrument was developed by adapting items from established scales in
prior FinTech and AI/ML research, supplemented with context-specific items for
blockchain and investor empowerment. Content validity was ensured through expert
review and pilot testing. Reliability for the same confirmed via Cronbach’s Alpha, with
all constructs exceeding the accepted threshold of 0.80, demonstrating strong internal
consistency.

The instrument was disseminated electronically through institutional networks, email
invitations, and digital media channels to ensure broad participation across diverse
respondent groups. Participants were provided with informed consent instructions
before proceeding, and only those who confirmed eligibility (18 years or older) were
included. Responses were captured using a 5-point Likert scale (1 = Strongly Disagree
to 5 = Strongly Agree), enabling quantitative analysis suitable for regression,
mediation, moderation, and structural equation modelling. The collected data were
subsequently coded into numerical values and compiled in Excel format, ensuring
consistency and readiness for statistical analysis. This approach facilitated efficient
distribution, enhanced accessibility, and ensured anonymity, thereby strengthening
the reliability and validity of the dataset for hypothesis testing.

Data Collection

The final sample size for this study is N = 51, which is considered acceptable given
the exploratory empirical research and theory-testing nature of the research. In studies
employing regression-based approaches, a minimum sample size of 30-50
observations is often regarded as sufficient for detecting medium to large effect
sizes!'l . The modest sample size of 51 respondents is justified by the purposive
selection of highly experienced investors, many with over a decade of investment
practice, which strengthens the validity of insights despite the limited number.
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Furthermore, all constructs demonstrated excellent reliability (Cronbach’s a > 0.80),
supporting the robustness of the dataset.

Data Processing

The raw coded data were rigorously processed to ensure consistency and reliability
before conducting any inferential statistical testing.

a. Numerical Conversion: The text responses, i.e. 5 — Strongly Agree, were
converted into their corresponding numerical scores (1-5) to facilitate
calculation.

b. Scale Reliability Testing: Cronbach's Alpha (a) was calculated for each multi-
item scale (FA, AlU, BT, IE, IT, AP, ABP) to establish the internal consistency
and reliability of the constructs.

c. Construct Score Calculation: A single, aggregated mean score for each
construct was computed by averaging the numerical scores of its constituent
items: FA Score = Mean (FA1, FAZ2, ..., FAG)

Inferential Statistical Analysis

This study adopts a regression-based analytical framework to test the proposed direct,
mediation, and moderation relationships among constructs. Ordinary Least Squares
(OLS) regression is employed to test direct effects (H1-H3), while mediation and
moderation analyses are conducted using Hayes’ PROCESS macro. This approach is
widely recognised for its robustness in estimating indirect and interaction effects,
particularly in studies with relatively small sample sizes.

Although Structural Equation Modelling (SEM) is commonly used for analysing latent
constructs and complex relationships, it typically requires larger sample sizes to
produce stable and reliable estimates. Given the sample size (N = 51), the use of SEM
was deemed less appropriate for the present study. Instead, composite construct
scores (mean values of multi-item scales) were utilised, enabling the application of
regression-based techniques while maintaining measurement reliability i.e.
Cronbach’s alpha above 0.80. Therefore, the analysis is aligned with best practices
for small-sample empirical research and ensures methodological rigour in testing the
hypothesised relationships.

Testing Direct Hypotheses (H1, H2, H3)

A series of simple or multiple linear regression models will be used to test the direct
relationships between the independent and dependent variables, as in Table 3.
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. Independent Dependent Variable

Hypothesis | Test Type Variables (IV) (DV)

H1 EiereF:re FinTech Adoption | Investor
Regression (FA) Empowerment (IE)
Simple Investor

H2 Linear AlI/ML Usage (AlU) E t (IE
Regression mpowerment (IE)
Simple .

H3 Linear ?é?r(;k(;ham SRR Investor Trust (IT)
Regression

Table 3 : Direct hypothesis testing

Testing Mediation Hypotheses (H4, HS)

Mediation analysis, primarily using Hayes’ PROCESS macro or an SEM approach, will
be employed to test the indirect effects as per Table 4, determining if the influence of
the independent variable on the dependent variable is transmitted through an

intermediary (mediator) variable.

. Independent . Dependent
Hypothesis | v/ iable (X) Mediator (M) | v/ riable (Y)
Blockchain Usage | Investor Trust [IER;
H4 Empowerment
(BT) (IT)
(IE)
H5 FinTech Adoption | Investor Er\;]e?)t\?vrerment
(FA) Participation (AP) (IE)p
The indirect effect
Condition | (a x b) must be
for Support | statistically
significant.

Table 4 :Mediation hypothesis testing

Testing Moderation Hypothesis (H6)

Moderation analysis is used to determine, as per Table 5, if the effect of AI/ML usage
on Investor Empowerment is conditional on the level of perceived Algorithmic Bias

(Moderator).
Hvbothesis Independent Moderator Dependent
yp Variable (X) (W) Variable (Y)
Algorithmic Investor
Bias Empowerment
Akl Al Usege ) Perception (IE) as proxy for
(ABP) confidence
Multiple regression
Test predicting |E from
RPN Page No. 10
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AlU, ABP, and the
interaction term (AlIU
x ABP).
The interaction term
Condition (AIU x ABP) must be
for Support | statistically
significant.

Table 5 : Moderation Hypothesis Testing

Mathematical Equations and Analytical Methods

The following core equations define the statistical tests employed in this research.

a. Scale Reliability (Cronbach's Alpha)

Cronbach's Alpha (a) is used to measure the internal consistency and reliability of a
multi-item scale.
o= L (1 _ Zé(:lzo-}z'i>
K-1 ox

Equation 1 : Scale Reliability (Cronbach's Alpha)
Where:
e Kis the number of items (questions) in the scale.
« oy, is the variance of item i.
e o7 is the variance of the observed total score for the scale (sum of all items).
b. Ordinary Least Squares (OLS) Linear Regression (Direct Effects: H1, H2, H3)

Linear Regression is used to test the direct, linear relationship between an
independent variable and a dependent variable.

The general form of the simple regression equation for hypotheses H1, H2, and H3 is:

Equation 2 : Ordinary Least Square
Where:

e Y isthe Dependent Variable

e Xis the Independent Variable.

e [, is the intercept of the value of Y when X=0.

e B, isthe regression coefficient, which represents the expected change in Y for
every one-unit increase in X.

e eisthe error term.

926 SAMVAKTI
Page No. 11 A


https://www.samvaktijournals.com/partner/author/ksmurthy1951_1798

Empowering Investors: FinTech, Al/ML, Blockchain impact

c. Mediation Analysis (H4, H5)

Mediation, tested using the OLS-based Baron and Kenny approach, involves a system
of three regression equations as per Table 6, to determine if an intermediate variable
(M) carries the influence of the independent variable (X) to the dependent variable (Y).

Path | Description | Regression Equation Coefficient
Path c
(Total | X >Y V= By B e | P (PR ETRE G
Effect) oV
Patha | X> M M=, +BX+ € Bao (Effect of X on M).
Path B. (Direct effect of X
cand X MY Y =Bpo +BcX+BoM |0OnY). B, (Eff_ect of M
b ' + € ;)(r; Y, controlling for

Table 6 : Mediation analysis

e Indirect Effect: Indirect Effect = 5, x 8,
e Condition for Mediation: The indirect effect (8, x f,) must be statistically
significant.

d. Moderation Analysis (H6)
Moderation is used to test if a third variable (the moderator, W) changes the strength

or direction of the relationship between an independent variable (X) and a dependent
variable (Y). This is achieved by including an interaction term (XW) in the model.

The regression equation for moderation (H6: AlU x ABP - IE) is:

Y:ﬁ0+61X+62W+B3(XW)+ (S

Equation 3 : Moderation Analysis
Where:

e Y is the Dependent Variable (Investor Empowerment, IE).

o Xis the Independent Variable (Al/ML Usage, AlU).

e W s the Moderator Variable (Algorithmic Bias Perception, ABP).
e [ is the effect of X on Y when W=0.

e [, is the effect of W on Y when X=0.

B3 is the coefficient for the Interaction Term (XW). If B3 is statistically significant, it
indicates that the relationship between X and Y is moderated by W.
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RESULTS
Descriptive Statistics

The analysis is based on N=51 total responses. The demographic profile in Table 7
suggests a focus group of experienced, educated male investors.

Demographic Key Findings (based on sample data)

Variable
Gender The sample is predominantly Male (approx. 87% in
the visible data).
Age A significant proportion of respondents are

experienced investors in the 56+ (approx. 36%) and
36-55 (approx. 32%), 18-35 (32%) age groups.
Education Level | Over half of the respondents hold a Postgraduate
Degree or higher (approx. 56% - Postgraduate,
Doctorate, Professional Certification combined).

Most investors are highly experienced, with 60%

E‘::::Qﬁ:; having More than 10 years of investment experience.
Employment The largest concentrations are in Banking & Finance
Sector (approx. 47%) and IT/Technology (approx. 20%).

Source: primary research data analysis
Table 7 : Descriptive statistics

Sample size of 51 participants is justified as respondents to the questionnaire are all
working professionals in the Digital Financial Services and the FinTech areas. The
age profile ranges from Gen X to Gen Z representing work force from entry level
professionals to CEO level executives with proper mix of age range. The sample
covered over 56% of respondents with the educational qualification above Post-
graduation to Doctorate and Professional certifications. Further, over 60% of
respondents are having more than 10 years investment experience. Thus, the modest
sample size of 51 respondents is fully justified. Further, considering the expertise of
the respondents, gender gap may not influence the final research findings

Scale Reliability (Internal Consistency)

The internal consistency of all seven multi-item constructs was tested as in Table 8
using Cronbach's Alpha (a).

Cronbach's
Construct Code Alpha (q) Result
FinTech Adoption FA 0.853 Excellent
Al/ML Usage & Perception AlU 0.876 Excellent

S8 SAMVAKTI
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Cronbach's

Construct Code Alpha () Result
UL T IR BT 0.916 Excellent
Transparency
Investor Empowerment IE 0.897 Excellent
Investor Trust (Mediator) IT 0.817 Good
Acce_ssmlI|ty/Part|C|pat|on AP 0916 Excellent
(Mediator)
Algorithmic Bias Perception ABP 0.824 Good
(Moderator)

Source: primary research data analysis
Table 8 : Scale reliability Analysis

All scales demonstrate a high level of reliability (all a > 0.80), confirming their suitability
for inferential analysis.

Descriptive Statistics (Construct Scores)

The mean and standard deviation for the aggregated construct scores given in Table
9 (on a 5-point Likert scale) are shown below.

Construct Mean Std. | Interpretation (Closer to 5 = High

Dev. Agreement/Adoption)
Accessibility/Participation 406 | 067 Strong agreement that technology
(AP) : : increases accessibility/participation.
FinTech Adoption (FA) 3.83 | 0.78 | High agreement/adoption level.
Investor Empowerment High perceived level of
3.81 | 0.66
(IE) empowerment.
Investor Trust (IT) 3.67 | 0.65 | Moderate-to-high level of trust.
Algorithmic Bias Sli .
. ghtly above neutral; moderate
Perception (ABP) S | (e agreement that bias is perceived.

Blockchain Trust &

Transparency (BT) 3.51 | 0.68 | Moderate adoption/trust level.
Al/ML Usage & Perception Closest to the neutral point,
(AIU) 3.04 | 0.70 | suggesting moderate or mixed

perceptions/adoption of Al/ML tools.

Source: primary research data analysis
Table 9 : Construct Score

Results: Hypothesis Testing

The hypotheses were tested using multiple OLS regression models. All p-values were
evaluated against the conventional significance level of a = 0.05.
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Direct Effect Hypotheses (H1, H2, H3)

Hypothesis | Relationship I3(¢‘a3t)a P-\(/:;ue R-s(q;za;red Result
H1 FA > |IE 0.624 | <0.001 0.541 Supported
H2 AlU - |E 0.143 0.289 0.023 Not
Supported
H3 BT > IT 0.490 | <0.001 0.263 Supported

Source: primary research data analysis
Table 10 : Direct Effect Hypothesis

Interpretation of Direct Effects shown in Table 10 is as follows:

e H1 Supported: FinTech Adoption (FA) is a strong and significant positive
predictor of Investor Empowerment (IE). The model explains 54.1 of the
variances in empowerment.

e H2 Not Supported: Al/ML Usage (AlU) does not significantly predict Investor
Empowerment. This suggests that the current level of AI/ML usage of the
investor community does not yet translate into a measurable increase in their
sense of empowerment/accuracy, aligning with the low mean score for AlU.

e« H3 Supported: Blockchain Usage (BT) is a significant positive predictor of
Investor Trust (IT), explaining 26.3% of the variance in trust.

Mediation Hypotheses (H4, H5)

Mediation was assessed by examining the significance of the path coefficients as
given in Table 11 (a: Independent Variable - Mediator, b: Mediator - Dependent
Variable, and c’: Independent Variable - Dependent Variable, controlling for
Mediator).

H4: Trust mediates the relationship between blockchain adoption and investor
empowerment (BT 2>IT - IE).

Path Relationship Beta (B) | P-value (p) | Significance
Patha | BT =2IT 0.490 <0.001 Significant
Path b | IT = IE (controlling for BT) | 0.459 0.004 Significant
Path ¢’ | BT - IE (Direct Effect) 0.066 0.647 Not Significant

Source: primary research data analysis
Table 11 : Mediation hypothesis testing for H4

The relationship between Blockchain (BT) and Investor Empowerment (IE) becomes
non-significant when Investor Trust (IT) is included in the model as per the data in the
Table 11 This means that the entire positive influence of Blockchain on Empowerment
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is fully channelled through Investor Trust, supporting the hypothesis that Trust fully

mediates this relationship.

H5: Accessibility mediates the effect of FinTech adoption on

participation (FA > AP - IE).

Path Relationship Beta (B) | P-value (p) | Significance
Patha | FA > AP 0.556 <0.001 Significant
Path b | AP - IE (controlling for FA) | 0.362 0.003 Significant
Path ¢’ | FA > IE (Direct Effect) 0.423 <0.001 Significant

investor

Source: primary research data analysis
Table 12 : Mediation hypothesis testing for H5

All three paths (a, b, and ¢’), as shown in Table 12, are statistically significant. This
indicates that Accessibility/Participation (AP) acts as a partial mediator. While
accessibility explains some of the positive effects of FinTech adoption on
empowerment, a strong direct effect remains, suggesting FinTech empowers
investors through accessibility and other mechanisms such as control, transparency,
and efficiency.

Moderation Hypothesis (H6)

H6: Algorithmic bias moderates the relationship between Al usage and investor
empowerment (AlU x ABP - IE).

The interaction term between AIU (AI/ML Usage) and ABP (Algorithmic Bias
Perception) was added to the model predicting IE (Investor Empowerment).

Variable Beta (B) | P-value (p)
AlU (Centred) 0.177 0.218
ABP (Centred) 0.155 0.322
Interaction Term (AIU x ABP) | 0.016 0.925

Source: primary research data analysis

Table 13 : Moderation hypothesis testing H6
The interaction term's p-value (p=0.925) is highly non-significant as per the data in
Table 13. Therefore, the hypothesis is not supported. The perceived level of
Algorithmic Bias does not significantly change or moderate the relationship between
AlI/ML usage and Investor Empowerment.

Consolidated hypothesis results

The hypothesis testing confirms that FinTech Adoption (FA) is the most significant
direct driver of Investor Empowerment (IE). However, the influence of other
technologies is indirect: Blockchain Trust & Transparency (BT) fully depends on
Investor Trust (IT) to achieve empowerment, which is a key finding of the Full
Mediation of H4 (BT =>IT 2>IE).
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Hypothesis | Relationship Result Key Finding
FinTech adoption is the dominant

H1 FhlE Supported driver of Investor Empowerment.
Not Direct Al/ML impact on
H2 AlU = |IE empowerment is currently non-
Supported | 7. .0
significant.
H3 BT > IT Supported Blockchain significantly fosters

Investor Trust.

Full Blockchain empowers investors only
Mediation | because it first increases their Trust.
Accessibility is an important but not
FA-> AP > Partial sole mechanism through which

H4 BT 2> IT > IE

HS5

IE Mediation | FinTech adoption empowers
investors.
Algorithmic Bias does not moderate
H6 AlUx ABP > Not the Al/ML-Empowerment

IE Supported relationship.

Source: primary research data analysis

Table 14 : Consolidated hypothesis results
Similarly, FinTech's overall empowerment effect is partially channelled through
increased Investor Participation/Accessibility (AP), as evidenced by the Partial
Mediation of H5 (FA>AP->IE).

Conversely, AI/ML Usage (AIU) currently has no significant direct impact on
empowerment (H2), nor is its effect moderated by the perception of Algorithmic Bias
(ABP) (H6), as shown in Table 14.

The sample represented the professionals, who are directly associated with the
technology developments of the fourth and fifth industrial revolutions both as
developers and users of the FinTech innovations. As such these professionals could
visualise of the new risks like bias and lack of explainability, as well as amplifying
existing challenges to data protection, cybersecurity, among others associated with
AlI/ML applications. These concerns are real challenges which need to be addressed
for AI/ML usage in the FinTech platforms with responsible and ethical empowerment.
Though the sample size is small, the expert knowledge of the representative sample
justifies the results of the impact of AI/ML usage on Investor empowerment
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Direct Effects Mediation Effects Moderation Effects
Afeption Perceved

H1 Supported

Algorithmic
Bias

No Effect on
Empowerment
H2 Not Supported

Blockchain Adoption .
H3 Supported

Blockchain
Adoption

—

H4 Supported

. Supported . Not Supported ! Mediation / Moderation

Source: primary research data analysis
Figure 3 : Consolidated hypothesis results

The Figure 3 shows Direct Effects, Mediation Effects, and Moderation Effects side by
side, with supported hypotheses highlighted in green, unsupported in red, and
mediation/moderation pathways in orange. This shows that FinTech adoption (H1) and
Blockchain usage (H3) are strong drivers of empowerment and trust. Accessibility (H5)
and Trust (H4) act as mediators, translating adoption into empowerment. H6 is not
supported, indicating that algorithmic bias does not significantly alter the relationship
between AI/ML usage and investor empowerment. This is consistent with the non-
significant direct effect observed in H2

DISCUSSION

The findings of this study provide important insights into how FinTech, Al/ML, and
blockchain collectively shape investor empowerment, while also revealing detailed
differences across the tested hypotheses. The strong support for FinTech adoption
highlights the central role of digital financial platforms in broadening access, reducing
transaction costs, and enabling participation among diverse investor groups. This
aligns with prior literature emphasizing FinTech’s contribution to financial inclusion and
efficiency, particularly in emerging markets. The results shows that accessibility
mediating FinTech adoption’s impact confirms that adoption alone is insufficient;
accessibility acts as a critical pathway through which FinTech translates into tangible
empowerment.
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The 5IR emphasises human-centric innovation, ethical Al, and sustainability, leading
to structural shifts in FinTech such as human-Al collaboration, responsible technology
design, and the integration of sustainable finance (ESG) metrics. The research results
on the accessibility of FinTech platforms and the ‘Trust discovery’, advocating the
emphasis on ‘Human centric goals”. Further, these results are in sync with the
Framework for Responsible and Ethical Enablement of Artificial Intelligence (FREE-
Al) Report in August 2025, by the Reserve bank of India outlining a blueprint for ethical
Al adoption in the financial sector and advocating for the human-centric innovation.

The results for Blockchain usage and Trust mediating blockchain’s impact on
empowerment underscore the importance of transparency and immutability in
fostering investor confidence. Blockchain’s ability to reduce information asymmetry
and enhance auditability appears to directly strengthen trust, which in turn mediates
empowerment outcomes. The “trust discovery” in blockchain-based finance therefore
highlights a crucial insight as blockchain empowers investors only after it successfully
establishes trust. In the absence of trust, technological innovation may instead create
uncertainty, scepticism, and resistance among investors, particularly retail participants
who may lack technical expertise. Concerns relating to cybersecurity risks, smart
contract vulnerabilities, regulatory ambiguity, misinformation, fraud, and market
volatility can weaken investor confidence despite the underlying technological
advantages.

Conversely, Al/ML usage was not supported as a significant predictor of investor
empowerment, suggesting that current levels of AI/ML adoption or investor
perceptions do not yet translate into measurable empowerment benefits. Furthermore,
the moderation hypothesis (H6) examining the role of algorithmic bias was not
supported, as the interaction effect between AI/ML usage and perceived algorithmic
bias was statistically insignificant. The “Al black box” problem is increasingly seen as
a major reason why Al tools do not automatically make investors feel empowered. In
finance, empowerment depends not only on access to information, but also on
understanding, trust, interpretability, and confidence in decision-making. When Al
systems generate recommendations without clearly explaining how or why they
arrived at those conclusions, investors may perceive the technology as opaque,
intimidating, or unreliable rather than empowering. As such, within the present sample,
perceptions of algorithmic bias do not significantly alter the relationship between Al/ML
usage and investor empowerment.

However, the relatively moderate mean score for algorithmic bias perception suggests
that concerns regarding fairness and transparency still exist among investors. While
these concerns do not statistically moderate the relationship in this study, they may
become more influential as Al adoption deepens and investor awareness increases.
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OECD risk diagrams (Figure 1 and Figure 2 above) relate to our survey results as
discussed below: Artificial intelligence (Al) applications in finance can introduce or
heighten both financial and non-financial risks, while also raising important concerns
related to consumer and investor protection. These concerns may include biased,
unfair, or discriminatory outcomes for consumers, as well as issues surrounding data
collection, management, and usage. Furthermore, the limited transparency and
explainability of Al models may contribute to pro-cyclical behaviour and systemic risks
within financial markets. Such challenges could also create tensions with existing
supervisory practices and internal governance frameworks, thereby questioning the
effectiveness of technology-neutral regulatory approaches. Although many of these
risks are not exclusive to Al, the complexity, adaptability, and autonomous nature of
Al systems can significantly magnify existing vulnerabilities in the financial sector.

As discussed above, the study therefore contributes to the literature by integrating
direct, mediation, and moderation perspectives, offering a holistic framework for
understanding empowerment in digital finance. However, a specific future research
study on "Explainable Al" adds value to see if better transparency helps investors feel
more in control.

From a policy perspective, the findings emphasise the need for adaptive regulation
and governance mechanisms that balance innovation with investor protection.
Regulators must address algorithmic bias, cybersecurity vulnerabilities, and systemic
risks in decentralised finance, while simultaneously fostering inclusion and
accessibility. For innovators, the results suggest that designing technologies with trust,
fairness, and usability at the core is essential to achieving sustainable empowerment
outcomes.

CONCLUSION

Taken together, these results illustrate that empowerment is not a uniform outcome
across technologies. FinTech and blockchain demonstrate robust, direct, and
mediated effects, while AlI/ML’s influence is contingent on ethical safeguards and
transparency. The study therefore contributes to the literature by integrating direct,
mediation, and moderation perspectives, offering a holistic framework for
understanding investor empowerment in digital finance and provides insights for
innovation.

From a policy perspective, the findings emphasise the need for adaptive regulation
and governance mechanisms that balance innovation with investor protection.
Regulators must address algorithmic bias, cybersecurity vulnerabilities, and systemic
risks in decentralised finance, while simultaneously fostering inclusion and
accessibility. For innovators, the results suggest that designing technologies with trust,
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fairness, and usability at the core is essential to achieving sustainable empowerment
outcomes.

LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

This study, while providing valuable empirical insights into the empowerment effects
of FinTech, Al/ML, and blockchain, is subject to certain limitations. First, the cross-
sectional research design limits causal inference and does not capture the dynamic
evolution of investor behaviour and technology adoption over time. Second, although
the sample is diverse, it may not fully represent all investor segments, particularly
institutional investors, rural participants, and advanced DeFi users, thereby
constraining the generalizability of the findings.

Future research should adopt longitudinal designs to assess long-term behavioural
and performance impacts of technology-driven finance. Comparative cross-country
studies could offer insights into how regulatory maturity and digital infrastructure shape
investor empowerment. Further work is also needed on explainable and ethical Al,
particularly regarding algorithmic bias and transparency. The rapidly expanding
decentralized finance (DeFi) ecosystem warrants focused investigation into
governance risks, investor protection, and systemic stability. Finally, interdisciplinary
approaches integrating finance, law, computer science, and behavioural economics
would significantly enrich understanding of sustainable digital financial innovation.
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