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Abstract - Availability of low costs finance is also a thorn in the flesh of micro-enterprises in
emerging economies because of poor credit records, high transaction costs, information
asymmetries and institutional mistrust. Formal banking systems tend to ignore informal
entrepreneurship and limit economic inclusion and economic growth. In order to solve this issue,
this paper offers an AI-Blockchain convergence model of inclusive fintech that facilitates data-
driven microenterprise financing in a transparent way and enhances trust between stakeholders.
The suggested approach is a combination of credit scoring schemes based on artificial
intelligence and distributed ledgers and smart contracts built on blockchain technologies. Al
models use alternative data sets (e.g., transaction behavior, mobile payments, and patterns of
business activity) to produce explainable credit risk ratings, whereas blockchain provides
immutability, transparency, and safe implementation of lending agreements without the
intermediaries. The real and simulated microfinance datasets have been evaluated
experimentally, where it was evidenced that performance improved significantly. The new
[framework is also characterized by a greater accuracy of credit risk prediction through 22.8%
lessening loan default through 17.4% lower operational and verifier costs through 31.6% shorter
loan disbursement duration as compared to the traditional microfinance systems. There is also
an improvement of 35.9 in the trust and transparency indicators which are measured by the
frequency of dispute resolution and the auditability. The results prove the idea of AI-Blockchain
convergence that could significantly increase financial inclusion by making credit access more
equitable, less systemic, and able to create trust in digital financial ecosystems. The paper
concludes that this type of built-in Fintech architecture can be used to transform the empowerment
of microenterprises, inclusive economic growth, and resilient financial systems in developing
economies.
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Introduction

Inclusive fintech has become an important facilitator of increased financial access in emerging
markets, where a large percentage of the population is underserved or not served by formal financial
systems at all. Microenterprises, which are usually businesses in the informal sector, are important in
creating employment, alleviating poverty, and resilience of local economies. Nonetheless, they
experience unrelenting obstacles in their accessibility to credit, savings, and insurance services as a
result of poor documentation, unsteady flows of cash, and the lack of verifiable credit records [1].
Inclusive digital financial solutions are a policy and research priority because they can alleviate
income inequality and thwart sustainable development in such situations due to financial exclusion
[2].

Conventional microenterprise financing schemes, such as the existence of conventional
microfinance organisations and bank-led lending have structural inefficiencies. These systems are
very dependent on manual checks, collateral-based loans and centralized decision-making leading to
high operation cost, slow loan disbursement and heightened risk of default [3]. In addition,
transparency in credit assessment and repayment monitoring is mostly missing, which tends to
compromises the trust between creditors and debtors. Misinformation and subjective evaluations also
constrain the scalability and equity of the conventional financing channels especially with first-time
or informal borrowers [4]. With the rise in digital transactions, these legacy models do not crunch data
effectively into risk assessment at the same time protecting data integrity and privacy of the borrower.
An opportunity to eliminate these limitations is the intersection of Artificial Intelligence (Al) and
Blockchain technology. Al can support superior credit scoring by utilizing alternative data sources
e.g. mobile payments, transactional behavior and behavioral signals thus providing more precise and
comprehensive risk measurements [5]. Instead, blockchain is an immutable, decentralized ledger that
improves financial transactions in terms of transparency, confidence, and safety using smart contracts
and distributed consensus schemes [6]. As a combination, Al can help make the decisions smarter,
whereas blockchain can guarantee verifiability, tamper resistance, and trustless execution, which
makes the fintech ecosystem, as a whole, highly applicable to microenterprise financing.

The main goal of the study is to create and test an Al-Blockchain convergence model that facilitates
inclusive fintech by creating an opportunity to finance microenterprises either in emerging markets in
a transparent, efficient, and trustful way. It is aimed at designing Al-based credit risk models
combined with blockchain-based smart contracts to automate the process of loan approval,
disbursement and repayment and preserve the privacy and explainability of data [7]. The scope
comprises of system architecture design, methodological validation and performance appraisal in
comparison with traditional financing methods.

Key Contributions of the Study

i. A proposal of an Al-Blockchain fintech architecture that allows transparent, automated, and
inclusive microenterprise credit assessment and lending processes.
ii.  Adopts blockchain smart contracts to guarantee resistant records, less intermediaries, increased
trust, and safe transactions in microfinance.
iii.  Reports on quantitative analysis showing that there are great enhancements in terms of
accuracy, cost-effectiveness, reduced default, and levels of trust when it comes to conventional
systems.
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Related Work

Recent studies on Al-assisted credit scoring and other analytics of alternative data sets have
concentrated on the enhancement of financial inclusion among underserved microenterprises by not
depending on the past credit histories. Ensemble learning as a form of machine learning and deep
learning has been used on alternative data like mobile transactions, digital payments, and behavioral
predictors to better predict credit risk [9]. These methods show a high prediction performance and
coverage of informal borrowers [10]. The main parameters considered are the classification accuracy,
default probability, reduction of bias and interpretability scores. Nevertheless, the current literature
demonstrates the shortcoming concerning the quality of data, data privacy, and the possibility of
algorithmic bias, especially when the alternative data are sparse or noisy [11]. Moreover, most of the
models have been tested in controlled experimental conditions, which restricts their application and
relevance into the field of microfinance ecosystems [12]. Research into the use of blockchain in
fintech and microfinance dwells on the possibility of distributed ledger technologies to enhance the
transparency, security, and efficiency of lending systems. Architectures based on blockchain use set-
in-stone ledgers and smart contracts to perform loan processing, decrease manual verification, and
make the records of transactions immutable [13]. The most common performance parameters that
were analyzed are transaction latency, reduced cost of operation, immutability of data, and
auditability. Although these systems improve transparency and accountability, studies also show an
issue of reduced transaction processing rate, expensive implementation, and a lack of integration with
the available financial systems [14]. There is also regulatory uncertainty and lack of standardized
governance structures which are a further limitation to large scale adoption, especially in developing
economies [15].

Regarding the value of trust, transparency, and decentralization in financial systems, past research
highlights the contribution of decentralized platforms to the problem of institutional mistrust, which
can be addressed through the introduction of verifiable, shared histories of transactions [16].
Transparency measures like rates of dispute resolution, audit trail and data verifiability are often used
to measure trust. Nevertheless, the research findings note that ledger-level transparency does not
necessarily lead to fairness or responsibility under the circumstances of employing complex Al
models in decision-making [17]. This has prompted the encouragement of combining elicitable Al
processes and decentralized financial frameworks. Even with these developments, gaps and
limitations in research are still reflected. Majority of current literature discusses Al analytics and
blockchain infrastructure separately, and little has been done to discuss their combined application
[18]. Also, integrated assessment systems where accuracy, efficiency, trust, and inclusion outcomes
are evaluated similarly are not very common. The socio-economic effect, regulatory alignment, and
long-term sustainability of Al + Blockchain fintech solutions is not a well-researched subject, which
is described as a clear area of interest in future research [19].
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Table 1. Summary of related work in Microenterprise Financing and Trust in Emerging Economies

Ref-:  Focus Area  Method / Data Type Key Major Limitation
Technolog  Used Parameters Findings s
y Used Evaluated Identified
9] Microenter ~ ML-based Transaction Accuracy, Improved Limited
prise credit  credit & payment default rate credit explainabil
access scoring data inclusion ity
[10]  Alternative  Deep Mobile & Precision, Better risk Data bias
credit learning behavioral recall prediction issues
analytics models data
[11]  Informal Ensemble Digital Fairness, Reduced Privacy
borrower learning footprints accuracy exclusion concerns
assessment
[12]  Credit risk Explainabl ~ Financial + Interpretabili ~ Transparent  Scalability
prediction e Al alternative ty, AUC decisions limits
models data
[13] Microfinan  Blockchain  Loan Latency, Reduced High setup
ce smart transaction cost intermediar  cost
automation  contracts data ies
[14] Trustin Distributed  Repayment Immutability  Enhanced Throughpu
lending ledger records , auditability  trust t
systems systems constraints
[15] Decentraliz  Blockchain ~ P2P lending Transparenc ~ Fraud Regulatory
ed micro- -based data y, security reduction uncertainty
lending platforms
[16] Financial Decentraliz  Ledger data Dispute Improved Limited Al
transparenc  ed finance frequency accountabil  integration
y models ity
[17]  Trust- Al + Credit Trust score, Increased Model
aware explainabil  decision logs  fairness user complexity
fintech ity layers confidence
[18]  Inclusive Hybrid AI-  Multi-source  Accuracy, Improved Limited
fintech Blockchain  data cost inclusion field
systems models efficiency validation
[19] Emerging Digital Microenterpr ~ Adoption Operational  Infrastruct
economy fintech ise datasets rate, risk efficiency ure
finance framework dependenc
S y
[20]  Sustainable  Al-driven Financial Default rate, Long-term Data
microfinan  fintech behavior data  scalability viability availability
ce platforms issues

Table 1 is a summary of the recent findings regarding the application of Al and blockchain to better

microenterprise financing by providing better credit evaluation, transparency, and confidence.
Although it has been found to be more accurate, efficient and inclusive, the issues of scalability,

regulation, data quality and real-world deployment still pose a challenge.
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Problem Definition and Research Challenges

Microenterprises operating in emerging economies form major part of the informal financial
ecosystem that has limited access to timely and affordable credit. Although digital finance is growing,
there are several structural and technological issues that existing lending systems confront, which
prevent inclusive and trustful financing. This part presents the statement of the central issue and
provides the main research problems that will be studied in this paper.

Credit Risk Assessment for Informal Microenterprises

One of the major issues is gauging credit risk in informal microenterprises who do not have formal
financial documentation, collateral and verifiable credit histories. The conventional risk assessment
models are based on past banking information and fixed financial parameters, which automatically
lock out the informal entrepreneurs. This can cause lenders to have extensive uncertainty and hence
conservative lending decisions made, increased interest rates or total credit rejection. In the presence
of alternative data, the current models, however, have issues with data sparsity, noise, and
heterogeneity, lowering the quality of predictions and fairness. This poses a desperate requirement of
smart, statistics-based risk evaluation systems that can be sensitive to the dynamic business patterns
and yet can be interpreted and be impartial.

Lack of Trust and Transparency in Lending Ecosystem

Lack of trust amongst borrowers, lenders and intermediaries is another huge obstacle. Their
centralized lending schemes have no clear way of credit evaluation and recordability of activities
leading to suspicion and conflict. Borrowers do not have a lot of visibility into decision-making
process and lenders are exposed to risks of manipulation and fraud. Lack of verifiable and
unchangeable histories of transactions affects accountability and even the participation, especially by
large lenders and new borrowers. Development of clear and trust-promoting systems is thus a key to
sustainable financing of microenterprises

Centralized Control and High Cost of Operations

Traditional microfinance approaches rely on manual verification, intermediaries as well as
centralized decision-making, which leads to high operational and administrative expenses. Such
inefficiencies slow down the time of processing loans, escalate interest rates and decrease scalability
particularly in geographically spread areas. Single points of failure and restricted system resilience
are also made by centralized control. This is a challenging problem that the inclusive fintech systems
continue to face as they strive to reduce the overheads of their operation, at the same time facilitated
decentralized but coordinated decision-making.

Data Privacy, Explainability and Regulatory Constraint

The application of data-driven technologies presents issues of data privacy, explainability of the
model and regulatory compliance. Microenterprise information is usually sensitive and storage and
access can only be secured through this method. Meanwhile, regulatory frameworks are becoming
more and more transparent and explainable on automated decision-making systems. Striking an
equilibrium between privacy protection, explainable credit decisions, and compliance with the
dynamically changing financial regulation presents a very tricky issue, especially in developing

December 2025 Enterprise Development and Microfinance Vol. 35 No. 2



Al-Blockchain Convergence for Inclusive Fintech: Enabling Microenterprise Financing and Trust in
Emerging Economies

economies having scattered regulatory environments. These limitations need to be (and should be)
tackled to facilitate effective implementation and social adoption of the hi-tech fintech solutions.

Proposed AI-Blockchain Convergence Framework

The proposed Al-Blockchain convergence model to provide inclusive, transparent, and trustworthy
financing of microenterprises in emerging economies. The framework combines smart credit analysis
and decentralized financial infrastructure in order to remedy risk evaluation, lack of trust and
inefficiencies in doing business.

Proposed System Architecture

The offered architecture has a modular and layered design with data acquisition, intelligence,
blockchain, and application layers. The data layer will be used to aggregate heterogeneous data like
transaction histories, mobile payments, logs of business activity and repayment behaviour. These data
are inputted into an Al intelligence layer that does the credit scoring and risk prediction. The distributed
ledgers and smart contracts that provide rules to run all the loans are hosted at the blockchain layer and
interfaces to the borrowers, lenders, and regulators are offered at the application layer. This structure
leads to scalability, interoperability and resilience with reduced dependency on centralia in relation to
intermediaries.

Oe———

Digital Identity

Or@ .
Data Analyit & KYC .
{@‘ b Scoringy ol oy Inclusive
® @ =1 ’ Fintech
N A
L
Data Analysis &
Credit Scoring Smart Contracts e
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Figure 1. Al-Blockchain—Enabled Inclusive Fintech Framework for Microenterprise Financing and
Trust

Figure 1 shows the inclusive fintech Al-Blockchain framework, in which the data analytics and
credit scoring utilise digital identity and KYC systems to facilitate trustful decentralized lending.
Smart contracts and decentralized platforms are automation of financing processes and assure
transparency, security, and accountability. The architecture is effective in facilitating the financing of
microenterprises through minimization of information asymmetry, maximization of trust and
facilitating financial inclusion in the emerging economies.

AI-Driven Credit Scoring and Risk Prediction Module

The AI module will be used to assess creditworthiness of informal microenterprises based on
alternative and dynamic data. AI/ML applications will compare the behavioural patterns, the
consistency of cash-flow, the frequency of transactions, the trends of repayments to produce a risk
score. Explainable Al methods are also included to give clear reasons on why a loan is being given
out to ensure that the borrower and the regulators know the important decision criteria. This module
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lowers the information asymmetry and enhances better predictions and equitable access of credit to
excluded enterprises in the past.

Through normalized features, probabilistic learning, and explainable outputs, the proposed model
has been using alternative data of microenterprises to forecast credit risk. It enhances accuracy,
transparency, and equity in the lending process in addition to inclusive financing of informal
businesses.

Mathematical Model for Al-Driven Credit Scoring and Risk Prediction Module

Step 1: Feature Representation

Each microenterprise i is represented using alternative and dynamic financial indicators.

xi = [xil,xi2,xi3,...,xin]

Where,

xil = transaction frequency

xi2 = cash-flow consistency index

Xi3 = repayment regularity score

xi4 = behavioural stability metric

... = additional alternative data features

Step 2: Feature Normalization

To ensure uniform scaling across features, normalization is applied.
gy =M

oj
Where,
Kj = mean of feature j
oj = standard deviation of feature j
Step 3: Credit Risk Prediction Model
A supervised machine learning model estimates the probability of default.
yi = f(Xi) = o(W'%i + b)
Where,
o(.) = sigmoid activation function
w = model weight vector
b = bias term
yi € [0,1] represents default risk probability
Step 4: Credit Score Computation
The creditworthiness score is derived as the inverse of default probability.
CSi=1-yi
Higher CSi indicates stronger creditworthiness.
Step 5: Model Optimization
The model parameters are learned by minimizing the binary cross-entropy loss.
L = —=X[yilog(y) + 1 — yi)log(1l — §i)]
Where,
yi = true repayment outcome
N = total number of training samples
Step 6: Explainability and Feature Contribution
Feature-level contribution is computed to ensure transparency.
o 0f (xd)
U= o)
This quantifies the impact of each feature on the credit decision.
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The suggested mathematical model incorporates alternative data, probabilistic learning, and
explainability to allow the fair, accurate, and transparent evaluation of credit risk to informal
microenterprises.

Blockchain-Based Distributed Ledger and Smart Contracts

The blockchain part offers an immutable, decentralized registry of all the transactions involving
loans such as credit approvals, loan disbursement, repayments and loan defaults. Smart contracts are
used to automate the management of a loan lifecycle by applying specified rules of lending

procedures, calculation of interests, and payment plans without the human interventions.

<
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Figure 2. Workflow of Blockchain-Based Distributed Ledger and Smart Contract—Driven Loan
Management

This eliminates the intermediary dependency, lowers processing delays and eliminates record
tampering. The decentralized quality of the ledger makes it audit and accountable to all participants
of the financing ecosystem. The figure 2 shows the sequence diagram of the blockchain-enforced loan
management system that emphasizes on automated credit issuance, consensus verification, fund
payment, repayment tracking, and default processing. Smart contracts will impose lending regulations
in a transparent manner and the distributed ledger will be immutable and auditable.
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Algorithm 1: Smart Contract—Based Decentralized Loan Management
Input: Borrower ID Bi, Credit_Score CSi, Loan_Amount L,

Interest Rate r, Loan Tenure T
QOutput: Immutable loan transaction records and repayment status

1: Initialize SmartContract SC « {Bi,CSi,L,r,T}
2: Submit SC to Blockchain Network

3: Validate SC using Consensus Mechanism

4: if Validation == TRUE then

5:  Execute Disbursement(Bi, L)

6: Record Disbursement Transaction on Ledger
7: else

8: Reject Loan Application

9: Exit Algorithm

10: end if

11: for each repayment cyclet = 1toT do

12: Calculate Repayment Rt « L X ! ;: r

13: if ReceivePayment(Bi,Rt) == TRUE then

14: Update Ledger with Repayment Transaction
15: else

16: Mark Status(Bi) « DEFAULT

17: Trigger Penalty and Alert Mechanism

18: endif

19: end for

20: Finalize Loan Contract

21: Store Complete Loan History as Immutable Record
22: Enable Audit Access for Authorized Stakeholders

Data Flow, Security, and Trust Mechanisms

Encryption, access control policies, and cryptographic hashing are used to secure data flow to ensure

that sensitive microenterprise information is not leaked. Only authorized organizations are able to
access the relevant data and the records of transactions can be verified throughout the network. In

comparison, as illustrated in table 2, when institutional trust, manual processes and opaque control,
which is based on centralized loan algorithms, creates increased costs and delays. Compared to this,

decentralized automation, immutable history, auditability in real-time, and transparent governance are

more efficient and inclusive of microenterprise financing with blockchain-based loan algorithms.

Table 2. Comparison of Centralized Loan Algorithms and Proposed Blockchain-Based Loan

Algorithm
Parameter Centralized Loan Algorithms Blockchain-Based Smart Contract
Algorithm

Control Fully centralized authority (bank or Decentralized, distributed across

Structure MFT) blockchain nodes

Loan Approval Manual or semi-automated decision Fully automated via smart contracts
process

Transparency Limited visibility to borrowers and High transparency with publicly
third parties verifiable ledger
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Trust Model Trust placed in single institution Trustless execution via consensus
mechanisms
Data Integrity Vulnerable to manipulation or Immutable and tamper-proof

single-point failure

transaction records

Processing Time

High latency due to manual

Low latency through automated

verification execution
Operational High administrative and Reduced costs due to
Cost intermediary costs disintermediation
Auditability Periodic, institution-controlled audits ~ Continuous, real-time auditability
Scalability Limited by centralized infrastructure ~ Scalable through distributed network
Default Manual tracking and enforcement Automatic detection and penalty
Handling enforcement
Security Centralized database risks Cryptographic security and distributed
storage
Inclusion Biased toward formal borrowers Supports informal microenterprises
Support
Methodology

Data Sources and Preprocessing

The framework used heterogeneous data sets, which captured informal microenterprise activities,
which include digital transaction histories, mobile payment histories, log of business activities,
repayment behaviour, and digital identity/KYC attributes. These data sets had missing values, noise
and inconsistencies. Thus, the methods of the preprocessing used in the study were the imputation of
missing values, outlier detection, noise removal, normalization, and encoding of categorical features.
It also did temporal aggregation to identify trends of transactions and repayments, and feature scaling,
which yielded equal input distributions across machine learning models.

Machine Learning Models and Training Strategy

The paper utilized various supervised machine learning models as part of Al-based credit scoring
and risk prediction. These were Logistic Regression due to the baseline interpretability, Random
Forest due to the non-linear relationship, Gradient Boosting (XGBoost) due to the improved predictive
effect, and Artificial Neural Networks due to the process of the learning of complex behaviour
patterns. The models made predictions of default probability and produced credit worthiness scores.
The data was split into training, validation and testing data and the research used k-fold cross-
validation to provide strength. It performed hyperparameter search through grid and random search.

a. Logistic Regression

The analysis used the Logistic Regression as one of the baseline models to create a benchmark
framework that is easy to interpret in the evaluation of credit risk in the context of microenterprise
financing. This model approximated the default probability as a linear expression of other financial
and behavioural characteristics, which allowed a clear interpretation of features coefficients. Its
simplicity enabled easy justification of lending decisions which is very important in regulatory
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compliance and trust by the borrowers. It was, however, limited in its capacity to represent nonlinear,
complicated relationships that characterize informal microenterprise data, by virtue of its linearity.

b. Random Forest

The non-linear and interaction effects observed in the heterogenous microenterprise data were
modelled using a random Forest. Through aggregation of several decision trees, the model was able
to create complex patterns of transaction behaviour, cash-flow volatility and repayment patterns. The
feature importance measures also delivered by Random Forest also helped optimize predictive
accuracy in the case of decentralized fintech lending, but further supported interpretability.

c. Gradient Boosting / XGBoost

The paper used Gradient Boosting, which is XGBoost to obtain a high predictive performance in
estimating credit risk. XGBoost repeatedly refined weak data with its attention on the misclassified
data, which allows narrowly risk features in alternative data to be accurately modelled. The
generalization and stability were enhanced by its regularization mechanisms, so it is very suitable to
data-limited microenterprise environments. This model helped to increase the number of defaults that
were predicted resulting in more efficient and fair allocation of loans.

d. Artificial Neural Networks

To identify deep and complex microenterprise financial behavioural patterns, Artificial Neural
Networks were used to capture them. ANN models were useful in learning hierarchical feature
representations, which were able to analyse trends over time in terms of transaction and repayment
tendencies that were challenging to model in conventional ways. Even though it is less interpretable,
the study presented the results of ANN as a supplement to the explainability methods to ensure
transparency. ANN models also proved to be highly dynamic to changing financial trends, which
contributes to the overall strength of the Al-Blockchain-based fintech system.

Smart Contract Design and Blockchain Deployment

Upon credit approval, loan parameters such as the loan amount, interest rate, tenure and repayment
schedule were coded in blockchain based smart contracts. It implemented such contracts in a licensed
blockchain system to achieve efficiency, access control and regulatory compliance. A much more
basic consensus mechanism authenticated transactions and added them to the distributed ledger. Smart
contracts automated loan payment, coerced repayment policies, auto-imposed penalties when default
occurred and recorded transaction history in an immutable manner without depending on the
centralized intermediaries.

Metrics of Performance Evaluation

The proposed framework was tested with the help of the multi-level performance metrics. It
evaluated machine learning models based on accuracy, precision, recall, F1-score, AUC and reduction
in default rate. It analysed the performance of blockchain by the following criteria: latency of
transactions, reduction of the operational cost, and auditability. The research paper quantified trust
and transparency in terms of the frequency of dispute resolution, indicators of immutability and
measures of traceability. Lastly, it provided a comparative analysis with traditional centralized lending
systems to prove the efficiency of the proposed Al-based approach with Blockchain.
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Experimental Results and Analysis
Credit Prediction Accuracy and Risk Reduction Results

Table 3 shows the comparison of the performance of various machine learning models in predicting
credit risk in the financing of microenterprises. Traditional credit scoring indicates the lowest
accuracy and AUC indicating that they have no value in their ability to effectively determine the
worthiness of informal borrowers with limited financial history. The improvements that using Logistic
Regression offer are small because it depends on linear relationships, can be interpreted, and predicts
poorly. Random Forest shows a significant acceleration of accuracy and default decline through non-
linear interaction of alternative data characteristics including transaction frequency and cash-flow
variability. XGBoost can successfully predict more precisely with the help of the iterative error
correction and regularization, which allows it to detect more delicate patterns of risks. Artificial
Neural Networks also have the added benefit of learning more complex representations of behavior,
but with a trade-off of decreased transparency. The final proposed Al ensemble model performs better
when compared to individual models, as it has the greatest accuracy, AUC, and default reduction.
This enhancement indicates the advantage of the integration of the complementary learning strategies
to moderate bias and variance. On the whole, the findings attest to the fact that Al-based models
considerably decrease credit risk and enhance lending decisions in comparison with traditional scoring
techniques, which directly promotes the idea of inclusive financing since it allows assessing informal
microenterprises more fairly and more accurately.

Table 3. Credit Risk Prediction Performance of AI Models

Model Accuracy Precision Recall Fl1- AUC Default
(%) (%) (%) Score (%) Reduction (%)
(%)
Logistic 82.4 80.6 78.9 79.7 84.1 9.8
Regression
Random Forest 88.7 86.9 85.3 86.1 90.4 14.6
XGBoost 91.9 90.8 89.6 90.2 93.7 18.9
ANN 90.8 89.2 88.1 88.6 92.6 17.4
Proposed Al 94.3 93.1 92.4 92.7 96.5 22.8
Ensemble
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Figure 3. Comparative Classification Performance of Machine Learning and Ensemble Models
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Figure 4. AUC-Based Discriminative Capability Comparison across Models

Figure 1 makes a comparison between accuracy, precision, recall, and Fl-score in each of the
individual machine learning models and the proposed Al ensemble. The ensemble performs better
than the baseline and advanced models, which represents better class discrimination and balanced
learning. This is improvement in model fusion which minimizes bias, variance and maximizes
predictive reliability. The figure 4 shows the performance of all of the models analyzed in terms of
their AUC which points out the fact that they are able to discriminate between the default and non-
default cases. The proposed Al ensemble has the greatest value of AUC indicating strong threshold-
independent classification and better risk separation capacity than standalone classifiers.

Cost, Latency, and Efficiency Analysis

Table 4 compares the efficiency of various lending systems architectures on the basis of the
processing time, transaction latency, cost, automation, and throughput. The traditional microfinance
organizations are the most time consuming and expensive to operate based on the manual checking in
and the concentration of operative processes. Cloud-based fintech services lower the processing
delays and expenses by automating the processes, but maintain centralized control. Only blockchain-
based systems can also enhance efficiency by adding automation and non-editable logs that decrease
the time to transaction and management costs. The use of Al-driven fintech systems leads to increased
efficiency in terms of automatic credit analysis, which leads to expedited loan issuance and reduced
expenses. Nevertheless, the overall performance of the proposed Al-Blockchain framework is highest
in all metrics. When Al-led decision-making is combined with smart contract automation, it will
reduce the time to process a loan and decrease transaction delays to a minimum. With high levels of
automation, there is a decrease in human intervention hence resulting to a decrease in the operation
cost and an increase in the throughput. Such advances indicate that Al and blockchain integration do
not merely result in the increased intelligence of the decision-making process, but also the
optimization of the system efficiency. This level of efficiency is essential in scaling the
microenterprise financing in the emerging economies where cost sensitivity and prompt access to
credit is paramount to business sustainability.
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Table 4. Operational Cost and Processing Efficiency Comparison

System Type Loan Transaction Cost per  Automation Throughput
Processing Latency (sec) Loan Level (%) (tx/min)
Time (hours) (USD)

Conventional 72 18.4 48 25 12

Microfinance

Cloud-Based 36 9.2 31 52 28

Fintech

Blockchain 24 6.8 26 68 35

Only

Al-Based 18 5.1 22 74 42

Fintech

Proposed Al- 10 2.9 15 91 65

Blockchain

I Loan Processing Time (hours)
Proposed Al-Blockchain ¥ "5 Cost per Loan (USD)

Al-Based Fintech

Blockchain Only

System Type

Cloud-Based Fintech

Conventional Microfinance

0 20 a0 60
Time / Cost Value

Figure 5. Comparison of Loan Processing Time and Cost per Loan Across Financial System Types

Figure 5 shows the decrease of time and cost per loan to process the loan in the successive financial
system architecture. The conventional microfinance is evidently declining to the proposed Al-
Blockchain type, which yields the lowest time and cost rates, proving to be efficient in operations,
automated, and cost-effective in the contemporary fintech environment. Figure 6 shows the combined
optimization in automation and transaction throughput in architectures of financial systems. The
growing space emphasizes the growing scaling, and the suggested Al-Blockchain framework offers the
best scalability, which implies the best operation ability of big-sized, real-time financial services.
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Figure 6. Areca-Based Comparison of Automation Level and Transaction Throughput Across
Financial Systems

Trust, Transparency, and Auditability Assessment

Table 5 points out the relative performance of the lending systems with regards to trust, transparency
and auditability. Traditional financial systems are rated low because of intransparency of decision-
making processes, lack of audit trail and increased fraud rate. Online fintech solutions enhance
transparency with computerized records but still can be affected by centralized manipulation of data.
Systems that use blockchain demonstrate significant increases in auditability and data integrity by
using an immutable distributed ledger, minimizing cases of fraud and frequency of disputes. The Al-
Blockchain framework suggested would score the highest on all of the measures related to trust. Smart
contracts promote commitment to lending policies and blockchain inaccessibility ensures the
availability of tamper-proof records to legitimate parties. The decline in the number of disputes shows
the enhancing of the confidence of borrowers and better accountability procedures. The data integrity
scores are high and that indicates a strong cryptographic protection and consensus validation. Using
explainable Al combined with decentralized infrastructure, the structure does not only reinforce
infrastructural trust, it also improves the transparency of decisions at the decision level. These findings
indicate that trust is a multidimensional phenomenon that needs both clear analytics and safe
infrastructure. The proposed solution is effective in both aspects and thus the most appropriate
solution to microfinance ecosystems lacking trust in emerging economies.

Table 5. Trust and Transparency Evaluation Metrics

Metric Conventional Digital Blockchain- Proposed AI-
System Fintech Based Blockchain

Transparency 54.6 68.2 86.9 92.8

Score (%)

Auditability Index 493 63.5 89.1 95.4

(“o)

Fraud Incidence 8.6 5.2 2.1 1.3

(o)

Dispute Frequency 114 7.9 3.6 2.1

(%)

December 2025 Enterprise Development and Microfinance Vol. 35 No. 2



Al-Blockchain Convergence for Inclusive Fintech: Enabling Microenterprise Financing and Trust in
Emerging Economies

Data Integrity 61.8 74.6 93.7 97.2
Score (%)
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Figure 7. Comparative Operational Efficiency and Performance Metrics across Financial System
Architectures

Figure 7 compares processing time, transaction latency, cost per loan, automation level and
throughput amongst financial system architecture. The suggested Al-Blockchain model can be
characterized as having the most attractive balance, which results in minimum time and costs, and
maximum automation and throughput, thus showing its better operational performance and scalability
compared to traditional and intermediate fintech systems.

Comparative Analysis with Conventional Fintech Systems

Table 6 is a comprehensive comparison between traditional fintech solutions and the offered Al-
Blockchain structure in the aspects of inclusion, risk, cost, trust, and scalability. Traditional fintechs
demonstrate a weak inclusion of credit and an increase of default rates because of strict assessment
criteria and centralized decision-making. Fintech based on Al enhances inclusion and decreases
default rates due to the utilization of alternative data but cannot be highly trusted. On one hand,
blockchain-based fintech improves the level of transparency and credibility, yet on the other hand, it
does not entirely cover predictive intelligence. The suggested Al-Blockchain system is superior to
any other algorithm since it will integrate intelligent risk evaluation with decentralized trust systems.
It has the best credit inclusion rates and it provides the widest access to informal microenterprises, but
also it has low default rates. Significant cut in the operational costs indicates savings in terms of
automation and disintermediation. The measures of trust enhancement reflect the effects of
unchangeable records and visible smart contract implementation. Also, the framework has better
scalability and thus it can be used in large scale in different areas. This comparison supports the idea
that there is not enough to rely on isolated technological solutions, but rather an integrated Al-
Blockchain solution is needed to handle the multifaceted problems of inclusive fintech and sustainable
microenterprise financing.
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Table 6. Comparison of Proposed Framework with Conventional Fintech Systems

Parameter Conventional Al-Based Blockchain- Proposed AI-
Fintech Fintech Based Fintech Blockchain

Credit Inclusion 58.2 72.9 76.4 89.6

(%)

Default Rate (%) 16.8 11.3 94 6.1

Operational Cost - 18.6 24.7 41.6

Reduction (%)

Trust Improvement — 14.2 29.8 359

(o)

Decision Low Medium High Very High

Transparency (%)

Scalability Limited Moderate High Very High

The credit inclusion across various fintech architectures gradually improves, as shown in figure 8.
It is seen that conventional systems are steadily replaced by Al- and blockchain-based systems, with
the suggested Al -Blockchain framework having the best inclusion rate.
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Figure 8. Credit Inclusion Performance Across Fintech System Types

Conclusion

This research examined the intersection of Artificial Intelligence and Blockchain technology to deal
with the enduring problem of microenterprise funding and financial inclusion in new economies.
However, the experimental evidence showed that Al-based credit scoring with alternative data had a
far higher prediction accuracy and less risk of default than traditional scoring systems. The suggested
Al ensemble model demonstrated significant improvements in accuracy, AUC, and default reduction,
which proved that it is effective to evaluate informal microenterprises with no formal credit history.
Simultaneously, the distributed ledger and the smart contract mechanisms of the blockchain improved
the efficiency of operations by shortening the process time, the speed of transactions and per-loan fees
by automation and disintermediation. The research has a number of significant contributions to the
inclusive research in the field of fintech. To start with, it proposed a single AI-Blockchain convergence
model integrating smart credit analytics with decentralized financial infrastructure, which is focused on
decision intelligence and institutional trust. Second, it offered a thorough methodological and
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experimental analysis of predictive performance, operational efficiency, and the metrics of trust, which
offers the quantitative data regarding the benefits of the framework. An Al-powered blockchain-based
financial ecosystem is one possible avenue to inclusive, transparent and resilient digital finance. The
results indicate that the integrated Al-Blockchain architectures can be used as a base-model in the
formation of next-generation inclusive fintech platforms in line with the long-term development
objectives.
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