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Abstract

Artificial Intelligence (Al) is revolutionizing microfinance by addressing key challenges like high
operational costs, limited capital, and inefficient risk management. Traditional microfinance
methods, while effective, often struggle to meet the growing demands of underserved populations.
Al offers solutions through automation, data analytics, machine learning, and natural language
processing. These technologies enable microfinance institutions (MFIs) to assess creditworthiness
more accurately, even for individuals with no formal credit history, thereby promoting financial
inclusion. Al also enhances risk management by predicting loan defaults and mitigating financial
risks through advanced data analysis. Furthermore, Al streamlines operational processes, reducing
administrative costs and improving customer experiences. Chatbots and Al-driven customer
service systems provide real-time support, making financial services more responsive and
accessible. This enables MFIs to scale their operations and reach more people without
compromising sustainability. The paper explores the transformative potential of Al in microfinance,
highlighting its role in enhancing economic empowerment, poverty alleviation, and promoting
inclusive financial services. It underscores the potential for Al to bridge financial gaps and
contribute to broader development goals by providing underserved communities with access to
financial products and services, ultimately fostering a more sustainable and inclusive financial
ecosystem. This study advocates for the integration of Al in microfinance to foster long-term growth
and improve financial accessibility for marginalized populations.

Keywords: Microfinance, Artificial Intelligence, Financial Inclusion, Sustainable Development,
Operational Effectiveness, Risk Management

disruptive force, which provides mechanisms in
addressing long-standing problems of the
Introduction: microfinance institutions (MFIs). Traditionally,
microfinance institutions (MFIs) accelerated

This integration of Artificial Intelligence (Al) in
financial inclusion by availing financial services

microfinance has in past years, become a
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to the underserved typical communities and
especially those in developing economies,
through the application of financial services like
loans, savings, and insurance (Arner et al., 2021
& Sam-Bulya, Omokhoa, Ewim, & Achumie,
2023). Nevertheless, regardless of the success of
such institutions, there are also some crucial
issues that are presented to them, such as high
operational cost and lack of access to capital,
inappropriate risk management, and difficulty
in extending services to rural or marginalized
populations (CGAP, 2020). These obstacles
usually limit the development of microfinance
and hinder its possible contribution in a greater
extent to poverty alleviation and sustainable
economic development. In that regard, Al
presents itself as a viable way to overcome these
difficulties and increase the effectiveness and
scalability of the microfinance institutions (Lea,
2018 & Kato, 2023). With the automation of
processes, enhanced decision-focus, and
personalized services, Al will transform the way
of how MFIs will work with a broader
population and still not spend too many
resources on it and significantly increase its
quality (Garcia & Patel, 2019).

Through incorporation of Al in microfinance,
the constraint of the traditional models of
microfinance can be surmounted. Machine
learning, data analytics, and the use of natural
language processing can be seen as Al-powered
tools that could enhance the accuracy of
creditworthiness analysis and enable a
microfinance institution to lend people with
little or no formal credit history (Beck et al.,
2019). This is essential to promoting financial
inclusion since it can allow MFIs to offer credit
to the previously left out sections of people
when it comes to mainstream financial systems
(World Bank, 2017). In addition to that, Al can
assist MFIs to lower its operating costs by
automating various routine processes including

those of processing loans, customer support,
and risk mitigation (Smith, 2018). It is a process
of automation that not only simplifies the
operations but also gives reduced chances of
human errors and administrative costs; hence,
MFIs become more efficient and scalable. Al
allows the microfinance institutions to reach
more customers, including the underserved
population in the rural places, therefore,
enhancing more financial inclusion and helping
reduce poverty (Arner et al.,, 2021). Also, owing
to its predictive nature, Al enables superior risk
management, because MFIs can isolate future
defaulters in advance and take pre-emptive
steps to curtail financial risk. The Al-powered
tools are also used to help in customer
segmentation and delivery of personalized
services to them, which contributes to the rise in
customer satisfaction and retention (Chen et al.,
2019).

This paper proposes to discuss the potential of
Al in disrupting microfinance by discussing its
potential in filling major gaps regarding the
effectiveness of the operations, financial
exclusion, and risk responses. Specifically, it
explores the potentials of using Al to bring the
benefits of financial service to the marginalized
populations in order to build a more inclusive
and sustainable microfinance environment. Al
can carry new possibilities to economic
development especially in the underserved
areas by filling prepared gaps between the
population represented in the financial area long
enough not to be captivated (G20 Insights, 2020).
The main questions of the research are the
following:

. To find out the transformational role of
Al in microfinance institutions and to evaluate
the effects they would have on the operational
efficiency, credit evaluation, and customer
satisfaction.
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. To discover how Al can enhance
financial inclusion, and especially that of
underserved groups, and how Al can help make
the narrowing of a financial gap in emerging
economies.

This paper is significant to the extent that it can
lead to practical insights regarding the ways
microfinance  institutions can use Al
technologies to overcome some problems that
characterize microfinancing work in terms of
longevity; so that the industry can be efficient in
operations and contribute towards financial
inclusion. With MFIs being one of the key
drivers of poverty reduction and socioeconomic
progress, the capability to incorporate the
usefulness of AI might become a game changer,
as MFIs may remain active in the expansion of
their activities and role (Garcia & Patel, 2019).
Conventional micro finance systems usually
have problems related to lack of capital, high
administration expenses and weak risk
management mechanisms which suppress their
reaching  the
requirements of financial services in rural areas.
Al will enable the automation of routine tasks,
better decision-making and, therefore, the
efficiency of credit risk assessment, ultimately
enabling MFIs to reach more clients with limited
resources (Smith & Johnson, 2020). With the
introduction of the AI aspect, MFIs will be able
to simplify the business process and cut down
on the cost of operations and speed up the
process of the loan processing so that more

potential  of expanding

individuals and organizations can be reached
within a reduced time period.

Literature Review

2.1 Microfinance

Microfinance plays a crucial role in advancing
financial inclusion, particularly in underserved
communities within developing economies. By
providing access to basic financial products such

as loans, savings, and insurance, microfinance
institutions (MFIs) offer financial services to
individuals excluded from traditional banking
systems due to geographical, economic, or social
factors (Beck et al., 2019). While microfinance
has been instrumental in poverty alleviation and
economic growth, MFIs face significant
challenges such as high operational costs,
inefficient loan cycles, and inadequate risk
management, especially in reaching
marginalized populations (CGAP, 2020). These
challenges limit the scale and impact of
microfinance, making it difficult to expand
services and meet growing demands.
Integrating Al technologies into microfinance
offers a potential solution to enhance
operational efficiency, reduce costs, and
increase the reach of services, especially in rural
areas (Arner et al., 2021).

2.2 AT's Role in Microfinance

AT has significantly impacted financial services,
transforming traditional microfinance models
through technologies like machine learning,
data analytics, and natural language processing
(Lea, 2018). These technologies enable more
accurate credit scoring by leveraging alternative
data sources—such as mobile phone usage,
utility bills, and social media activity —thus
expanding access to financial services for
individuals with no formal credit history (World
Bank, 2020). Al also automates key processes
like loan origination, risk assessment, and
customer service, improving operational
efficiency and reducing human error (Smith &
Johnson, 2020). With AI, MFIs can offer more
personalized financial products, improving the
customer experience and increasing
institutional efficiency. The automation of
routine tasks allows MFIs to scale their
operations without significantly increasing
overhead costs, enhancing their ability to serve
a broader client base (Garcia & Patel, 2019).
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2.3 Financial Inclusion and Al

Al directly contributes to financial inclusion by
enabling MFIs to serve previously excluded
populations, including those in rural areas and
individuals with limited or no credit histories
(Kadaba, Aithal, & KRS, 2023). Traditional
microfinance relies on physical infrastructure
and manual credit evaluations, which can be
time-consuming and costly (Adewuyi, Ajuwon,
Oladuji, & Akintobi, 2023). Al improves these
processes by analyzing a wider range of data,
including non-traditional indicators like mobile
phone activity, social media behavior, and
geographic location (Beck et al., 2019). This
allows MFIs to lend to people who would
typically be excluded from the financial system,
thus fostering greater financial inclusion (Garcia
& Patel, 2019). Additionally, Al can create
dynamic interest rates and tailored loan
conditions based on an individual’s financial
behavior, making financial products more
accessible and affordable for underserved
groups (Smith, 2018).

2.4 AT and Operational Efficiency

Al  offers significant improvements in
operational efficiency by automating processes
that were traditionally manual and time-
consuming (Gatto & Sadik-Zada, 2022). Tasks
such as loan processing, customer service, and
risk assessment can be automated using Al-
powered tools like chatbots and automated
response systems, allowing MFIs to handle
more customers without increasing
administrative costs (Garcia & Patel, 2019).
These tools enable real-time support and
decision-making, enhancing the speed and
accuracy of operations (Sinha & Ghosh, 2022).
Al also helps MFIs optimize resource allocation,
allowing them to focus on high-priority tasks,
such as offering loans to underserved groups,
while automating back-office functions (Lea,
2018). By streamlining operations, Al enhances

scalability, enabling MFIs to reach more clients
with fewer resources (Oyegbade, Igwe, Ofodile,
& Azubuike, 2022).

2.5 Al and Risk Management

Risk management is a critical area where Al can
revolutionize microfinance (Agwu, 2021).
Traditional microfinance models often involve
lending to high-risk borrowers, leading to loan
defaults (Nwangele, Adewuyi, Ajuwon, &
Akintobi, 2021). Al helps MFIs mitigate these
risks by using predictive analytics to assess loan
default probabilities and identify high-risk
clients early on. By analyzing historical data and
trends, Al enables MFIs to take proactive
measures, such as restructuring loans or offering
financial counseling, to reduce the likelihood of
defaults (Diakopoulos, 2016). Additionally, Al
can continuously update risk models based on
new data, ensuring that MFIs are equipped to
respond to changing market conditions and
emerging risks (Garg, 2021). This flexibility
improves the sustainability of MFIs and allows
them to extend services to higher-risk
populations (Lea, 2018).

2.6 Hypotheses Formation

Based on the literature reviewed, the following
hypotheses have been formulated to guide this
research on the impact of Al in microfinance

institutions:
e HI1: The use of Al in microfinance
increases  financial inclusion by

improving access to loans for
underserved populations. Al's ability to
use alternative data sources for credit
assessment enables MFIs to extend
financial services to populations
traditionally excluded from the formal
financial system (Beck et al., 2019; World
Bank, 2020).

e H2: Al tools significantly reduce
operational costs in microfinance

institutions. By  automating  key
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processes like loan origination, credit
assessments, and customer service, Al
enhances the efficiency of MFIs,
reducing administrative expenses and
increasing scalability (Garcia & Patel,
2019; Smith & Johnson, 2020).

e H3: AI enhances risk management
capabilities in microfinance institutions,
reducing  default rates. Through
predictive analytics, AI helps MFIs
identify potential defaulters early and
take corrective actions, improving
financial stability and risk mitigation
(Diakopoulos, 2016; Lea, 2018).

Methodology

3.1 Research Design

In this study, the research design used was
descriptive where the aim was to examine the
effect of Al adoption on main outcomes
including financial inclusion, operational
efficiency, and risk management within
microfinance institutions. The descriptive
design is selected as hopefully, it made it
possible to gain an in-depth comprehension of
the current situation regarding Al integration in
MFIs, without manipulating variables and
estimating causalities. The study sought to give
a complete picture of the application of Al tools,
including machine learning, data analytics, and
natural language processing, in microfinance to
improve performance and efficiency of the said
industry (Lea, 2018).

3.2 Study variables

The research explored a variety of variables to
comprehend how Al can impact the way the
microfinance works:

. Independent Variable: AI Adoption- It
was the degree to which MFIs adopted Al
technology into their functions, including credit
risk assessment, customer support and credit
risk assessment (Beck et al., 2019). This is one of

the major drivers which influenced dependent
variables in this study.

Dependent Variables:

0 Financial Inclusion - This quantified the
capacity of the MFIs to access the underserved
population, particularly those with zero formal
credit history using the Al-based tools such as
machine learning and alternative credit scoring
models (World Bank, 2020).

0 Operational Efficiency- This was in
terms of the enhancement of operations in the
MFI following Al integration. It consisted of
such things as automatization of the operations,
time savings at the stage of processing, and the
saving of the costs (Smith & Johnson, 2020).

0 Risk Management This also measured
how MFIs could evaluate and mitigate financial
risk including defaults through Al such as
predictive analytics and real time data
processing (Diakopoulos, 2016).

. Moderating Variable: Customer
Experience - Although Al benefited the
operational aspect of MFIs, the customer
experience was a moderating variable in
evaluating the overall efficiency rate of the
adoption of Al. More personalised services and
quicker action on loan processes would have
been some positive customer experiences
leading to wider usage of Al technologies in
MFlIs (Chen et al., 2019).

3.3 Sample Size

It was carried out on 200 respondents selected as
a population in microfinancial institutions that
already implemented AI technologies. They
targeted the respondents as MFI managers, loan
officers and clients who had received direct
services by Al-driven services. The sample was
aimed at representing a high diversity in the
type of experiences and views given to various
kinds of MFIs representing small and large
institutions and rural and urban service
providers.
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In order to warrant representativeness and
generalizability of the findings, stratified
random sampling technique method was
applied. This method assisted in stratifying the
MFIs into various layers by size, geographic
location, and the depth the Al had been adopted
so that a wide range of institutions was included
in the sample (Arner et al., 2021).

3.4 Data gathering

The study used a mixed-methods method to
gather the data to ensure thateng bytegrangu ew
tribesighri huge home deadly flash, high
seasonally price-weighted El level and relatively
large BS and CM rates undermined GDP growth
tinished

. Quantitative Data: A survey was
conducted on the MFI managers and clients. The
surveys participated in the Likert scale
questions which quantitated the perceptions of
the Al effectiveness in financial inclusion,
operational efficiency, and risk managements.
Some of the issues targeted in the survey
questions included the effect of Al in terms of
the speed at which loans are approved,
customer satisfaction, and whether the rate of
loan default is predicted accurately.

. Qualitative Data: The key stakeholders
(e.g., MFI executives, technology experts, and
frontline employees) were interviewed in semi-
structured format to carry out more in-depth
interviews to understand how Al was reforming
the operations, customer relations and overall
business strategies at MFIs. These interviews
gave contextual, detailed information that gave
supplement to the quantitative results.
Secondary sources such as reports, studies, and
industry publications were also used to
supplement the primary data and establish a
context on the more comprehensive aspect of
adoption of AI in microfinance sector
(Diakopoulos, 2016).

3.5 Tools of Data Analysis

Some statistical methods and programs were
applied to the extracted data in order to analyze
them:

i SPSS: The
information/perceptions regarding the Al

demographic

adoption in MFIs was summarized by means of
descriptive statistics (mean, standard deviation).
These statistics gave main view of the trends and
pattern in the data.

. Structural Equation Modeling (SEM):
This statistical tool was used to estimates
relationships hypothesized existing between Al
adoption and the dependent variables (financial
inclusion, operational efficiency, and risk
management). SEM was the most suitable to
analyze the complicated connection of several
variables at once, and it effectively allowed to
check the theoretical framework of the study
(Garcia & Patel, 2019).

o Confirmatory factor analysis (CFA):
CFA was carried out to ascertain the scale
properties of the survey measures using the
construct validity. The analysis facilitated the
ease at which the questions in the survey
sensitively measured the intended constructs of
financial inclusion, operational efficiency and
risk management (Chen et al., 2019).

. Moderation Analysis: In order to
investigate the moderating role of the customer
experience, moderation analysis was performed
by means of a smartPLS. This assisted in
establishing how the quality of customer
experience on the Al systems influenced the
correlation between Al adoption and the critical
results (Beck et al., 2019).

. Correlation Analysis: To explore the
relationships between Al adoption and key
outcomes like financial inclusion, operational
efficiency, and risk management using Pearson's
correlation.
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. Chi-Square Test: To examine if there are
significant differences in Al adoption between
urban and rural MFIs.

. ANOVA Test: To compare the impact of
Al adoption across different MFI sizes (small,
medium, large) on outcomes like financial
inclusion and operational efficiency.

. Bar Diagrams: To visually present
comparisons, such as Al adoption across MFI
sectors or its impact on financial inclusion before
and after adoption.

3.6 Limitations

o Self-Reported Data: Potential bias due
to respondents providing answers they
think are desirable, affecting the
accuracy of the findings.

¢ Subjectivity and  Recall Bias:
Respondents may not accurately recall
their experiences, leading to potential
bias in their responses.

e Limited Sample Size: The 200
respondents may not fully represent the
diverse experiences of all MFIs, limiting
generalizability.

e Cross-Sectional Data: Data collected at
one point in time doesn’t allow for the
assessment of long-term Al impacts.

e Lack of Comparative Data: No pre-Al
adoption data for comparison, limiting
the ability to measure changes directly
attributed to AL

Results

4.1 Reliability and Validity

In this part, it was actually found that the
reliability and validity of the constructs are
taken into consideration which provides solidity

to the measurement tools in table 4.1. The major
variables taken into account were the Cronbach
Alpha (alpha, 2), Composite Reliability (CR) and
the Average Variance Extracted (AVE). All these
actions will be needed to get the internal
consistency and convergent validity of the
constructs. Cronbachs Alpha higher than 0.7
shows reliability at acceptable rate whereas the
composite reliability (CR) of 0.7 or above and
AVE value of above 0.5 signifies good
convergent validity.

Table 4.1: Construct Reliability and
Convergent Validity

Construct | Cronbac | Composi | Averag
h’s Alpha | te e
(x) Reliabili | Varianc
ty (CR) e
Extract
ed
(AVE)
Al 0.89 0.91 0.72
Adoption
(AI)
Financial 0.85 0.87 0.75
Inclusion
(FI)
Operation | 0.88 0.90 0.78
al
Efficiency
(OE)
Risk 0.87 0.89 0.76
Manageme
nt (RM)
Customer | 0.86 0.88 0.74
Experience
(CE)

These results indicate that all constructs meet
the threshold for reliability and convergent
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validity, confirming that the measurement
instruments used in the study are valid and
reliable.

4.2 Confirmatory Factor Analysis (CFA) -
Model Fit

In order to apply the Confirmatory Factor
Analysis (CFA) and test the fit of the posited
model to the data presented in table 4.2, the
results of the CFA were subjected to the
following tests. CFA will allow testing the
validity of the factor structure of the
measurement model so that observed variables
are a true reflection of the constructs.

Table 4.2: Measurement Model Fit Indices

Constructs | IMSF | CE | PI | ARSP | EE | EOU
IMSF 0.85 |0.50 | 0.43 | 0.56 0.49 | 0.55
CE 0.50 |0.86|0.45]|0.51 0.53 | 0.52
PI 043 |0.45]0.80|0.44 0.46 | 0.48
ARSP 056 |0.51]0.44|0.81 0.54 | 0.52
EE 049 |0.53 ] 046 | 0.54 0.79 | 0.58
EOU 055 |[0.52]0.48]|0.52 0.58 | 0.76

From the table, it is evident that the square root
of the AVE for each construct is greater than its

Fit Index Value | Recommended correlations with other constructs, confirming
Threshold that discriminant validity has been achieved.
4.4 Demographic Profile of Respondents
Chi-Square/df | 245 | <3 In order to comprehend the sample population,
(x*/df) an elaborate projection into the demographics of
RMSEA 0.05 <0.08 the resPondents was don‘e. Age, gender, level of
education and geographical location were some
CFI 0.95 >0.90 of the information contained in this section that
provides background of the study findings in
TLI 0.94 | >0.90 table 4.4.
Table 4.4: Demographic Profile of
SRMR 0.03 | <0.08 Respondents
The CFA results indicate that the model fits the Variable Categor | Frequen | Percenta
data well, as all the fit indices exceed the y cy &¢
recommended tbresbolds. Specific?llly, t}'1e CFI Age 18-30 15 22.5%
and TLI values indicate a good fit, while the
RMSEA and SRMR values confirm that the 31-45 100 50.0%
model has acceptable error margins.
4.3 Discriminant Validity 46-60 45 22.5%
The discriminant validity was tested through Or N S 0%
Fornell- Larcker criterion, where by the square '
root of AVE of each construct was compared Gender Male 120 60.0%
with the pair wise construct correlations in table
4.3. Discriminant validity will be supported Female | 80 40.0%
when the square root of AVE is higher than the
correlation with another construct. Education | High 40 20.0%
Table 4.3: Discriminant Validity (Fornell- Level School
Larcker Criterion)
108
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Bachelor | 100 50.0% Al 4 12 |20 |10 |64
’s tools (2% | (6% | (10 [0 | (32
Degree are ) ) %) | (50 | %)
integr %)
Master’s | 60 30.0% ated
Degree into
Geographi | Urban 150 75.0% the:
cal daily
Location o.pera
tions
Rural 50 25.0% of
MFIs.
The sample was fairly representative, with a
majority of respondents falling within the 31-45 Al 2 8 24 19 |70
age group, primarily male, and well-educated. tools (1% | (4% | (12 | (48 | (35
The geographical distribution also showed a impro ) ) %) | %) | %)
higher concentration of respondents from urban ve the
areas. efficie
4.5 Descriptive Statistics ncy of
The descriptive statistics were used in providing loan
a general overview of the data before proce
proceeding to the more complicated analyses ssing.
and summarized the key variables of the study. Al p 2 130 (80 (70
They included variables such as Al Adoption, o o
Financial Inclusion, Operational Efficiency, Risk enhan (3% | (7% 95 ?OE%
Management and Customer Experience and ces ) ) o) | %) | %)
every statement was rated by the participants on decisi
a 5-point likert scale where 1 = Strongly Disagree on- .
and 5 = Strongly Agree. Based on the descriptive maki
statistics, each of the variables further has an ng
analysis of the results given in the following aceur
table 4.5 to 4.9. ay
Table 4.5: Descriptive Statistics for Al withi
Adoption n
State |[M[S|1 [2 [3 |4 |5 MEs.
ment |ea | D | (Str | (Dis | (Ne | (A | (Str The 10 16 40 90 | 44
n ong | agre | utr | gr | ong adopt (5% | 8% | (20 | (45| (22
ly |e |a) |ee) ly ion of ) ) %) | %) | %)
Dis Agr Al
agr ee) has
ee) led to
reduc
109

July-September 2025
HANS SHODH SUDHA



HANS SHODH SUDHA, VOL. 6, ISSUE 1, (2025), pp. 101-121 ISSN: 2582-9777

ed Table 4.6: Descriptive Statistics for Financial
opera Inclusion
tional State |M |S |1 2 3 4 |5
costs. ment |ea | D| (Str | (Di | (Ne | (A | (Str
o o TE o tw n | |ons || s | ong
adopt |2 |. | (2% | (5% | (13 | (46 | (34 Dis Agr
ion 51) ) %) | W) | %) agr ee)
has 7 ee)
increa
sed Al has |4. |0 |6 14 |30 |10 |50
the helpe |1 . | B% |(7% | (15 |0 | (25
speed d 6 |) ) %) | (50 | %)
of extend 1 %)
loan financ
disbu ial
rseme servic
nts. es to

under
In the case of Al Adoption, there was a very high served
level of agreement among the respondents that group
machine tools were effectively implemented in ..
the microfinance institutions (MFIs). The mean
of the respondents on the use of Al tools in the Al 4. 10 |4 12 |24 |96 |64
daily organizational operations was 4.2 (and the model |2 |. | (2% | (6% | (12 | (48| (32
standard deviation was relatively low: 0.56), S 51) ) %) | %) | %)
indicating the overall congruence with the enable 7
answers among the respondents. The majority better
of the respondents concurred with the fact that credit
Al had substantial positive impacts on efficacy worthi
of thematic processing of loans (4.3) and ness
rightness of decisions (4.1) with scores slightly assess
dropping in these two areas where it matters the ments.
most (4.0), but still appear as positive. Loan
disbursements were also attributed to the ability Al 4.10 8 18 136 |88 |50
of Al to accelerate the process with an average provid | 0 | . | (4% | 0% | (18 | (44 | (25
of 4.2 score. These findings indicate that the Al €s 51) ) %) | %) | %)
adoption was mainly viewed as positive, more - 9
especially when it comes to operational inclusi
efficiency and decision-making, although some Ye
of the respondents perceived it to have less _fmanc
impact on cost-saving. ial

produ
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cts for
the
poor.

Al 4. |10 |2 10 24 | 98 | 66
adopti |3 |. | (1% | (5% | (12 | (49| (33
on 51) ) %) | %) | %)
increa 6
ses

access
to

loans
for

people
witho
ut

credit
histor

y.

Al 4. |0 |6 14 32 |90 |58
reduce |1 |[. | (3% | (7% | (16 | (45| (29
s the 6 |) ) %) | %) | %)
barrier 2
S to
accessi
ng

financ
ial

servic
es.

Regarding the aspect of Financial Inclusion, the
subjects concurred that Al helped to increase
access to financial services to underserved
groups. The data, with 4.1 as the average score
on the statement of Al assisting underserved
populations in getting financial services,
indicates that there is high concurrence on the
capabilities of Al in reaching the unbanked.
Moreover, it is possible to highlight the presence
of Al  models
creditworthiness estimates as very effective,

facilitating ~ improved

average = 4.2. The respondents also concurred
that Al improved the access of loans to the
people without credit histories (4.3) and to poor
people with more inclusive financial products
(4.0). The reduced standard deviation in the
categories implies that a majority have agreed
on the effectiveness of Al in enhancing financial
inclusion but a little variance still prevails in the
perspective regarding whether or not Al will
help eliminate the barriers accessing the
services.
Table 4.7: Descriptive
Operational Efficiency
State M | S |1 2 3 4 |5
ment | ea | D | (Str | (Dis | (Ne | (A | (Str

Statistics  for

n ong | agre | utr | gre | ong
ly e) a) |e |ly
Dis Agr
agr ee)
ee)

Al 4. |0.]14 12 28 |10 |56
has 3 2% | (6%) | (14 | O (28
strea 51) %) | (50 | %)
mlin %)
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oved to simplify operational procedures of MFIs,
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effici claim that there was a big contribution tended
ency by Al in streamlining the operations of MFIs.
of Equally, Al tools of automation in the area of
custo performing repetitive tasks averaged out to 4.4
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ased the loan application with a score of 4.3.
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to findings indicate that the implementation of Al
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(16
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(47
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financ

ial
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(5%
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has 0 . |(5% | (10 |18 | (47 | (20
reduc 6 |) %) | %) | %) | %)
ed the 2
defau
It rate
in the
MFT’s
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portfo
lio.

In terms of Risk Management, people were
mostly sure that the application of Al tools was
involved in detecting and reducing financial
risks. The strength of Al to detect the potential
loan defaulters was positively recognized with
an average score of 4.0, but least point under the
scores of other categories. Some of the Al
models, which forecasted the risks involved
with loan disbursements, scored 4.2 and the
respondents also concurred that the use of Al
enhanced the recovery of loans (4.1). The
performance of Al in reducing the risk of
financial losses due to lending was scored as 4.3
and a large number of the respondents believed
that the use of Al improved the situation with
the default rate of the MFI loan portfolio (4.0).
Such findings reveal that even though the effect
of Al on risk management was well perceived,
the respondents showed somewhat mixed
opinion regarding its ability at reducing
defaults, and thus, it would require some
improvement.

Table 4.9: Descriptive Statistics for Customer
Experience
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With  respect to Customer Experience,
respondents highly agreed that they experience
better things with MFI services with the
introduction of Al. The phrase that the overall
experience was enhanced by Al tools also
received the rate of 4.2, and a solid percentage of
the respondents reported that they agree on this
statement. The contribution of Al to faster
answers to customer queries was rated higher
(4.3), and it means that such Al-based products
like chatbots and virtual assistants were
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discussed as something helpful in improving the
communication process. Personalization of the
services through Al tools had gotten a score of
4.1 and Al had also been perceived helpful in
enabling easier access to financial services (4.3).
The lines about the efficiency of loan processing
driven by Al had an average mark of 4.2, which
proves that Al substantially simplified the
process of applying the loan. These findings
indicate that Al has created a significant positive
influence on customer satisfaction, and
especially on the aspects of accessibility and
responsiveness.

4.6 Structural Model and Hypothesis Testing
The relationships between the Al adoption and
three most important outcomes of financial
inclusion, operational efficiency, and risk
management were tested by utilizing the
Structural Equation Modeling (SEM). Suitability
of the structural model was determined and the
outputs of the hypothesis testing are shown
below in table 4.10-4.13.

4.6.1 Structural Model Fit

Table 4.10: Structural Model Fit Indices

Fit Index Value | Recommended
Threshold

Chi-Square/df | 2.30 | <3

(x#/df)

RMSEA 0.04 <0.08

CFI 0.96 >0.90

TLI 0.95 >0.90

SRMR 0.02 <0.08

The structural model showed a good fit, with all
indices meeting the recommended thresholds,
indicating that the model adequately represents
the data.

4.6.2 Direct Path Analysis

Table 4.11: Direct Effects Between Constructs

Relationship | Estimate | p- Status
B) value

Al Adoption | 0.32 0.001 | Supported

—  Financial

Inclusion

Al Adoption | 0.46 0.000 | Supported

_)

Operational

Efficiency

Al Adoption | 0.38 0.001 | Supported

— Risk

Management

The direct effects of Al adoption on financial
inclusion, operational efficiency, and risk
management were all significant, supporting the
hypotheses that AI adoption improves these
outcomes.

4.6.3 Moderation Analysis

Table 4.12: Moderating Effect of Experiential
Elements

Moderation | Estimate | p- Result
Effect (B) value

Customer 0.21 0.014 | Significant
Experience
— Al
Adoption —
Financial
Inclusion

The moderation analysis revealed that customer
moderated  the
relationship between Al adoption and financial

experience  significantly
inclusion, indicating that improved customer
interactions with Al tools enhance the overall
impact of Al on financial inclusion.

4.6.4 Summary of Hypotheses Testing

Table 4.13: Summary of Hypotheses Testing
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Hypothe | Stateme | Estim | p- | Status
sis nt ate (B) | val
ue

H1: AI| AI 0.32 0.00 | Suppor
adoption | adoption 1 ted
increases | leads to
financial | improve
inclusion | d access

to loans

for

underser

ved

populati

ons
H2: AI| AI 0.46 0.00 | Suppor
reduces | adoption 0 ted
operatio | enhances
nal costs | operatio

nal

efficienc

y  and

reduces

costs
H3: AI| Al 0.38 0.00 | Suppor
improve | adoption 1 ted
s risk | enhances
manage | risk
ment manage

ment

and

reduces

default

rates

All hypotheses were supported, with Al
adoption  positively
inclusion, operational efficiency,

financial
risk

impacting
and
management within MFIs.

Discussion

The findings of this study confirm the
transformational impact of Artificial Intelligence
(AI) (MFlIs),
especially in overcoming key challenges like

on microfinance institutions
financial inclusion, operational efficiency, and
risk management. The results strongly support
the hypothesis that Al adoption brings about
significant positive changes in these areas.
Financial Inclusion

One of the most significant findings of this study
is Al's role in enhancing financial inclusion. Al
allows MFIs to provide financial services to
underserved populations, particularly those
lacking formal credit histories. Respondents
indicated that alternative data sources, such as
mobile usage, social media activity, and utility
bills, play a assessing
creditworthiness. This aligns with Beck et al.
(2019) and the World Bank (2020), who suggest
that AI can bridge the gap for populations
previously excluded from financial systems. The

critical role in

strong positive response (mean score 4.2) to Al's
impact on financial inclusion demonstrates
broad agreement among MFIs that Al is an
effective tool for extending credit to traditionally
underserved communities.

Operational Efficiency

Al’s influence on operational efficiency was
another major outcome of the study. The
automation of processes like loan application
processing, risk
evaluation significantly reduced time and costs
for MFIs. The mean score of 4.3 for streamlining
operations suggests that Al has made MFIs
more efficient, especially in terms of time

customer service, and

savings and cost reduction. However, opinions
varied slightly on Al's ability to optimize
resource allocation (mean score 4.1). While Al
has contributed to enhancing operational
processes, there is still room for improvement in
using Al to manage and distribute resources
effectively across different MFI operations,

July-September 2025
HANS SHODH SUDHA

116



HANS SHODH SUDHA, VOL. 6, ISSUE 1, (2025), pp. 101-121

ISSN: 2582-9777

particularly in areas with limited human
resources.
Risk Management
Al's contribution to risk management was
evident, particularly in predicting defaults and
assessing loan repayment risks. The use of
predictive analytics helps MFIs mitigate
financial risks by forecasting potential loan
defaults before they occur. Respondents noted
improvements in loan recovery efforts (mean
score 4.1) and in reducing financial risks
through more accurate predictions of defaults
(mean score 4.0). However, some respondents
felt that Al's impact on reducing defaults was
still somewhat limited (mean score 4.0). This
suggests that while AI is beneficial, the full
potential for risk mitigation may not have been
fully realized due to issues such as incomplete
data or early-stage implementation.
Customer Experience
An important moderating factor in the success
of Al adoption is the customer experience. The
study revealed that improved customer
interactions with Al tools significantly
influenced financial inclusion. Respondents
highlighted AI’s role in providing personalized
services and faster responses to customer
queries (mean score 4.3). The use of chatbots and
automated customer service systems was cited
as particularly effective in enhancing customer
satisfaction. Furthermore, respondents agreed
that Al tools helped speed up loan approvals
(mean score 4.2) and simplified loan processes.
These findings underscore the importance of
customer experience as a key driver for
successful Al adoption, suggesting that positive
interactions with Al can strengthen long-term
relationships between MFIs and their clients.
Key Insights
e Alsrole in financial inclusion is pivotal,
especially for underserved groups that
have limited access to traditional

financial services. The use of alternative

data for credit assessments is a major

driver of this inclusion.

efficiency has  been
significantly improved, with Al enabling
MFIs to process loans faster and reduce
operational costs. However, optimizing
resource allocation remains an area for
further development.

e Risk management benefits from Al's
predictive capabilities, although there is
still room for improvement in reducing
loan defaults.

e Customer experience is a key factor in
moderating the impact of Al on financial
inclusion. Positive customer interactions
with AI tools contribute to higher
customer satisfaction and more effective
financial services.

Al presents numerous opportunities for MFIs to
enhance their efficiency, reach underserved
populations, and better manage financial risks.
However, continuous development and
improvement of Al models, alongside better
data quality, will be necessary to fully realize its
potential in microfinance. The results of this
study are consistent with existing literature and
point to the growing importance of Al in
advancing financial inclusion, operational

e Operational

efficiency, and risk management within the
sector.

Conclusion and Implications

Conclusion

This study highlights the transformative
potential of Artificial Intelligence (AI) in
microfinance, addressing key issues such as
financial accessibility, process efficiency, and
risk management. The findings show that Al can
significantly improve the operational efficiency
of microfinance institutions (MFIs) through
automation, rational decision-making, and
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reduced operational costs. By utilizing machine
learning and predictive analytics, Al offers
populations,
particularly those without formal credit

solutions  to  underserved
histories, thereby enhancing financial inclusion.
Moreover, Al improves risk management by
better assessing and managing financial risks,
especially in lending to high-risk populations.
However, challenges remain, such as varying
perceptions of Al's effectiveness in reducing
loan defaults and its impact on the financial
system. These discrepancies suggest that further
improvement and refinement of Al tools are
needed to fully harness their potential in
microfinance. In addition to the operational
benefits, customer experience plays a critical
moderating role in the success of Al adoption in
microfinance. Positive customer interactions
with Al tools, such as faster loan processing and
personalized services, can significantly enhance
the impact of Al on financial inclusion. As
customer satisfaction increases, so does the
wider adoption of Al-powered services, leading
to greater outreach and impact.

Practical Recommendations:

e For Policymakers:

o Establish clear regulations to
guide the ethical use of Al in
microfinance, focusing on data
privacy, bias mitigation, and
transparency in decision-making
processes.

o Encourage collaboration between
MFIs, technology providers, and
regulatory bodies to create

support
responsible Al adoption and
financial inclusion.

frameworks that

e For Microfinance Practitioners:
o Invest in training and upskilling
employees to work alongside Al
systems, ensuring the workforce

adapts to  the
landscape.

changing

o Focus on customer experience by
using Al to provide personalized
services and real-time support,
enhancing customer satisfaction
and retention.

o Continuously evaluate and
update AI models to ensure
fairness, accuracy, and
inclusivity, minimizing biases
and improving decision-making.

Al has the potential to reshape the microfinance
sector, making it more productive, cost-
effective, and inclusive. By addressing the
ethical, operational, and customer-focused
aspects, microfinance institutions can leverage
Al to drive sustainable growth and enhance
their role in poverty reduction and economic
empowerment.

Ethical Implications of AI in Microfinance

e Al can perpetuate biases if trained on
unrepresentative data, leading to unfair
outcomes for marginalized groups.

e Sensitive data (e.g., financial history,
social media) needs strong protection to
ensure privacy and prevent misuse.

e Al adoption must comply with evolving
regulations regarding data usage,
consumer protection, and financial
inclusion.

¢ C(lients should understand how Al
decisions are made to foster trust and
accountability in loan approvals and
credit scoring.

e Al automation may replace certain jobs,
so upskilling and workforce adaptation
are important to mitigate negative
impacts.

e Al should be used to ensure fair access
to financial services and avoid
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exploitative practices that burden
vulnerable populations.
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