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Abstract-Micro, Small, and Medium Enterprise (MSME) is the core of the employment creation
and stability of the developing economies, but is characterized by inability to make financial
decisions, cash-flow management, and access to formal finance on a consistent basis. This
research paper suggests a financial management framework, based on Al in which the financial
intelligence and credit accessibility of MSMEs are improved by applying the algorithms of the
Random Forest, Long Short-Memory (LSTM), and Gradient Boosting (XGBoost). Random Forest
models are used to classify credit risks that are robust on transactional and alternative financial
data whereas LSTM networks are used to identify time trends in cash-flow behaviour so as to
properly forecast revenues, and plan liquidity. XGBoost is used to optimize the prediction of loan
approval and risk of default by means of nonlinear interaction of features. The suggested
framework automates the expense classification, forecasts the short-term and future cash-flow
and creates real-time financial advice, which minimizes information asymmetry between MSMEs
and financial institutions. According to the empirical data, Al-based financial management allows
to enhance the accuracy of cash-flow predictions by more than 25 %, enhance credit approvals
by nearly 18 % and shorten the average time of loan processing by nearly 40 % compared to the
traditional rule-based systems. Also, MSMEs that embrace Al-driven tools exhibit better financial
transparency, reduce the cost of operations and better resistance to fluctuations in the market.
The study arrives at the conclusion that the implementation of Al in financial management systems
can considerably transform the way MSME decision-making is carried out, as data-driven
strategies become feasible, risk mitigation strategies are proactive, and finance is available to
all. These results highlight the opportunities of smart fintech solution to enhance the sustainability
of MSMEs, promote financial inclusion, and stimulate the economic growth in resource-limited
and emerging market conditions.
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Introduction

Micro, Small, and Medium Enterprises (MSMEs) form the back bone of developing economies
since they play an important role in creating employment, generating income, and innovating at the
grassroots. In most of the emerging economies, MSMEs occupy over 90 percent of the total businesses
and have a determining impact in alleviation of poverty, as well as, the economic equilibrium of the
regions [1]. MSMEs are also important in ensuring the inclusive and sustainable economic growth
due to their flexibility, low capital requirements and the capacity to adapt to the local market needs
[2]. Although important, MSMEs usually work and develop in resource-limited conditions, which
restrict the possibilities to take a bigger scale of their activities, embrace the use of the latest
technologies, and become a part of the formal financial system [3]. Among the most severe challenges
that MSMEs have to face is the inefficient financial management as well as limited access to formal
finances. Most MSMESs use manual bookkeeping, disjointed financial records and unrecorded lending
systems, resulting in low cash-flow visibility and poor financial planning [4]. MSMEs have been
regarded as high-risk borrowers by traditional financial institutions because of poor information
asymmetry, absence of collateral, and poor credit histories [5]. As a result, the rates of loan rejection
are high, financing costs are high and growth opportunities are limited especially in the developing
economies [6].

The most recent progress in the field of artificial intelligence (AI) and machine learning (ML) has
redefined the process of financial decision-making throughout the entire fintech ecosystem. The Al-
based models will be capable of working with extensive amounts of transactions, behavioral, and
alternative data to create correct financial information, automate the process of risk evaluation, and
make predictions regarding decision-making [7]. Random Forest, Long Short-Term Memory (LSTM)
networks and Gradient Boosting allow to predict cash-flows in real-time, perform intelligent credit
rating and detect risks early, and eliminate the constraints of rule-based financial systems [8]. These
features make Al an innovative facilitator of MSME-based financial innovation.

Although the application of Al in big financial institutions is gaining building, its systematic use in
financing MSMEs in developing economies is not yet extensive and is rather fragmented. The current
solutions are usually very restrictive in integrating full financial intelligence to support decision
making in terms of credit scoring. The rationale behind this research is that it is necessary to design
and test an Al-based financial management system that will both improve the internal MSME
decision-making and external access to finance. The main issue being discussed is that Al algorithms
can help decrease information asymmetry, enhance financial transparency, and enable MSMEs to
have more inclusive access to credit in resource-strained settings [9].

A. Key Contributions

o Ethnically offers a hybrid Al-based system of financial management, integrating prediction and
risk evaluation with credit decision support systems to MSMEs.

e Shows empirical data that Random Forest, LSTM, and XGBoost are effective in improving the
accuracy of cash-flow, loan approval rate and operational efficiency.

e It offers policy-appropriate information on inclusive finance implementation by intelligent
fintech systems in developing and resource-starved economies.

In this paper, an integrated Al-based financial management framework which is specific to MSME in
developing economies is proposed. The rest of the paper will be structured in the following way: Section
II will cover the related literature, Section III will cover the proposed framework, Section IV will cover
the methodology, Section V will cover the analysis of the experimental results, Section VI will make
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some conclusions about the main findings, and Section VII will finalize the study with the prospects of
the research.

Literature Review

The traditional financial management processes that MSME:s in the developing economies are using
are mostly manual or semi-digital and are based on simple accounting programs, spreadsheets, and
paper-based documents. Such systems are mainly used in retrospective bookkeeping, not proactive
financial planning, that restricts real-time ability to see cash flow and financial health [10]. Research
has indicated that incomplete financial records and uneven reporting have been the cause of poor
decision making and financial vulnerability among MSMEs [11]. Besides, the traditional systems are
not integrated with banking systems, which means that they will be slow to provide financial data and
do not coordinate effectively with lenders and regulators [12].

FinTech has increased rapidly, and artificial intelligence and machine learning are spreading in the
financial services sector, such as fraud detection, credit rating, customer segmentation and advisors.
Random Forest, Support Vector machines, Gradient Boosting, and deep learning architectures are
machine learning algorithms with better predictive performance over rule-based and statistical models
[13]. The recent sources point out that Al-based fintech applications improve automation, scalability,
and personalization of financial decision-making, which reduces operational expenses and processing
time to a significant degree [14]. The majority of implementations are however favourable of large
enterprises and digitally mature users and therefore inadequately represented [15] by MSME:s.

The credit risk assessment in MSME finance continues to be viewed as one of the primary areas of
research because financial institutions aim to find effective ways of assessing the creditworthiness of
potential borrowers in the environment of data scarcity. Previously, machine learning-driven credit
score models among transactional history, alternative data, and behavioural metrics have been
examined to enhance the predictivity of credit default [16]. Likewise, time-series models, such as
autoregressive and Long Short-Memory (LSTM) networks, have been more frequently used to
conduct cash-flow forecasting research to capture time-dependent financial trends [17]. Although
these methods have good predictive ability they tend to be tested independently of each other as
opposed to being a part of a holistic financial management model. Although they show good
outcomes, the current Al-based financial solutions have various constraints in their applications in the
developing economies. Poor data quality, insufficient digital footprint, inadequate infrastructure, and
poor financial literacy impede the successful model training and adoption [18]. Also, most Al-based
systems are not transparent, not explainable, which decreases the trust of MSME owners and financial
institutions. The lack of situational adjustment to the informal business approach also limits the
practical implications of these solutions in the new markets.

The gap in the literature is the absence of holistic, Al-driven financial management systems that are
specifically developed to address the needs of MSME:s in the developing economies. The majority of
the research concentrates on single-purpose applications like credit scoring or prediction, and not
within the framework of decision-support, whereby the credit scoring and other applications are
interconnected with outside funding sources. This study fills these gaps and proposes an inclusive
model that would modify cash-flow forecasting, credit risk evaluation, and loan approval prediction
with multiple Al algorithms and specifically taking into account the constraints and inclusion goals
of MSMEs.
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Table 1. Summary of Related Work on Al-Based Financial Management and Credit Assessment for

MSMEs

Ref.  Study Data Type Al/ Applicatio  Key Limitations

Focus Used Analytical  n Domain  Findings
Method

[10] Traditional Financial Rule-based  Financial Improves Lacks
MSME statements accounting  reporting record predictive
accounting keeping and real-time
systems accuracy insights

[11] MSME Survey and  Statistical Budgeting  Highlights No
financial accounting analysis and weak cash- automation or
planning data planning flow intelligence
practices visibility

[12] Digital Transaction  Descriptive  Expense Reduces Limited
bookkeepi  logs analytics manageme  manual decision
ng tools nt effort support
for
MSMEs

[13] Al Transaction = Random Credit Improves Focused on
adoptionin  al and Forest, scoring prediction large
fintech behavioral SVM accuracy enterprises
platforms data

[14] Machine Banking Gradient Loan Reduces Limited
learning in  transaction Boosting approval processing MSME
loan data automation  time customization
processing

[15] Fintech- Alternative ML Financial Expands Data bias
driven financial classificati  inclusion borrower concerns
MSME data on models coverage
inclusion

[16] Creditrisk  Credit Random Default Enhances Ignores cash-
assessment  history, Forest, prediction risk flow
for cash flow XGBoost detection dynamics
MSMEs

[17] Cash-flow  Time-series LSTM Liquidity Captures High data
forecasting  financial networks forecasting  temporal dependency
models data patterns

[18] Al Mixed Hybrid ML MSME Shows Infrastructure
deploymen  financial models finance potential constraints
tin datasets scalability
developing
economies
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Proposed Al-Driven Financial Management Framework
Proposed System Architecture and Workflow

The proposed Al-based financial management system was to be used to facilitate the integrated
decision-making and the accessibility of finance among MSMEs. The system design was based on a
modular workflow where the first stage of acquisition involved multi-source financial data that was
then pre-processed, feature engineered, analysis using Al, and decision-support outputs. The
framework consumed transactional and alternative data streams into an overall centralized processing
layer, where data cleaning and normalization and temporal alignment were carried out. Datasets that
are feature engineered were then sent to dedicated Al modules to determine credit risk, cash-flow
prediction, and loan approval prediction. Every module produced predictive information that was
synthesized using a decision-support engine to give actable financial suggestions. The outputs that
were produced by the system using an interactive dashboard included liquidity projections, risk
ratings, credit eligibility signals, and early warning signals.

Transactional Data J_

{
Alternative & E

Interactive Dashboard
* Liquidity Forecasts
* Risk Scores
* Credit Eligibility
* Early Warning Alerts

Data
Preprocessing
& Feature Engineering

Decision
Support Engine

Cash-Flow
Forecasting

Behavioral Data

_ v
Real-Time Model Updates & Insights

Figure 1. Architecture of the Al-Driven Financial Management Framework for MSMEs

The workflow focused on real time flexibility, whereby the models would be updated continuously
as new data was obtained. The framework minimized information asymmetry between the MSMEs
and financial institutions by combining internal financial control with the external credit analysis. The
architecture also facilitated scalability and interoperability with the existing fintech and banking
environments, thus facilitating easy implementation in unstable economy environments. In general,
the framework was a closed-loop financial intelligence platform that increased transparency,
efficiency, and financial shocks to MSMEs. This figure 1 depicts the workflow of the entire process
of financial management of MSMEs as proposed using Al. It depicts the processing of transactional
behavioural data and alternative behavioural data by preprocessing, cash-flow forecasting, and loan
approval modules leading to a decision support engine. The framework allows real-time information,
a better understanding of risks, and informed financial decision-making.

Data Sources and Feature Engineering
Transactional Data

Bank transactions, digital payment records, sales invoices, expense logs and repayment histories
constituted a part of transactional data. These sources of data recorded the daily financial operations
and gave quantitative information about the cash inflows and outflows, liquidity cycles and behavior
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of repayment. The steps of feature engineering simplified the raw transactions into organized variables
including: average daily balance, revenue volatility, expense to income ratios, seasonality indices, and
payment regularity measures. These attributes aided the short-term analysis of operations and the
long-term financial planning.

2. Alternative and Behavioural Financial Data.

Other and behavioural financial data included the use of mobile payments, digital wallets, utility
payments behaviour, patterns of supplier-buyer interaction and signifiers of repayment discipline.
These sources of data enriched the conventional records of finance by informing informal economic
actions, which are usually common among MSME in the developing economies. Transaction
frequency, payment punctuality and consistency of spending were also behavioural characteristics
that enhanced representativeness of MSME financial profile, especially on enterprises with no formal
credit history.

Al Algorithms Employed
Random Forest for Credit Risk Classification

Random Forest algorithm was used to predict credit risk of MSME by learning the nonlinear
correlation between heterogeneous financial characteristics. It built a decision tree ensemble on
bootstrapped samples and random feature selections hence minimizing overfitting and generalizing
better. The model only evaluated the transactional and behavioural variables in order to label the risk
categories that indicated a probability of default. The analysis of feature importance also contributed
to the increased interpretability by highlighting the most significant risk drivers. This method
facilitated the strong credit risk classification when the data is rather noisy and incomplete as is often
the case with MSME data.

Algorithm 1: Random Forest—Based Credit Risk Classification
Input:
MSME financial dataset D = { (x;,y;)},i = 1,2,...,N
Number of trees T
Feature subset size m
Output:
Credit risk class §
Step 1: Fort=1to T do
Step 2:  Draw bootstrap sample D_t from D
Step 3:  Grow a decision tree h_t:
Step 4: At each node, randomly select m features
Step 5: Split node using best feature £* based on Gini Index
Gini = 1 — X (py)?
Step 6: End For
Step 7: Aggregate predictions using majority voting:
y = argmaxCEtl(ht(x) = c)

End Algorithm
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LSTM Networks for Temporal Cash-Flow Forecasting

To identify the temporal relationships within MSME cash-flow data, Long Short-term memory
(LSTM) networks were used to model them. Sequential patterns in the revenues, expenses and
seasonal variations were recorded in the architecture through long-term memory states. This option
made it possible to forecast the short-term liquidity demands with accuracy and long-term financial
trends. The LSTM model assisted in proactive cash management as it predicted when liquidity would
fail and when it would be in excess to enhance financial planning and operational stability.

Algorithm 2: LSTM-Based Temporal Cash-Flow Forecasting

Input:

Time-series cash-flow data X = {x_1,x 2,...,x T}
Forecast horizon H

Output:

Predicted cash-flow sequence Y = {§ T+1, ..., § T+H}

Step 1: Initialize LSTM parameters (W _f,W_i, W_o,W _c)
Step 2: For each time step t do
Step 3: Compute forget gate:
fe=o(Ws - [hg—1y,xc] + by)
Step 4: Compute input gate:
it = O-(Wl * [h{t—l}’ xt] + bl)
Step 5: Update cell state:
Ct = ft @ C{t—l} + it O tanh(VVC * [h{t—l}' xt] + bC)
Step 6: Compute output gate:
o = (W - [hye—13, %] + bo)
Step 7: Compute hidden state:
h; = o O tanh(C;)
Step 8: End For
Step 9: Forecast future cash flow:
9t = Wy N h’t + by
End Algorithm

XGBoost for Loan Approval and Default Prediction

XGBoost was applied in loan approval and loan default prediction because it is capable of
effectively computing the interactions of nonlinear features. The gradient boosting structure was used
to reduce the error in prediction by optimizing the tree ensembles. It created probabilistic loan
approval scores and default risk estimates that were used to make automated but reliable lending
decisions. The regularization techniques enhanced resilience and scalability in a wide range of
MSMEs.

Algorithm 3: XGBoost-Based Loan Approval and Default Prediction
Input:

Training data D = {(x_i,y_i)},i = 1,...,N

Number of boosting rounds K

Learning rate 1
Output:

Loan approval probability P(y = 1|x)
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Step 1: Initialize prediction:
yi =0
Step 2: Fork = 1to K do
Step 3: Compute gradients and Hessians:
_OL(yi 9k

ay;
Ly, 9t )
397
Step 4: Fitregression tree f_k(x) minimizing:
0bj = %] gificp + 0.5 hifiiey] + 2(fi)
Step 5: Update prediction:
i =97 1 fe
Step 6: End For
Step 7: Compute final loan approval probability:

i =

h; =

p - 1
1+ e
End Algorithm

Model Training, Validation, and Optimization Strategy

The training of the models was under a supervised learning model which utilized the labelled
financial data. The data were divided into training, validation, and testing subsets in order to make
sure that the performance is evaluated impartially. The grid and cross-validation approaches were
used to perform hyperparameter tuning in order to maximize predictive accuracy and stability.
Precision and accuracy, recall, Fl-score, and measures of forecasting error were performance
measures that were used to select models. The problem of class imbalance was solved with the help
of resampling and cost-sensitive learning. The optimization algorithm focused on predictive
performance and interpretability to enable the application of financial decisions in the real-world.

Methodology
Dataset Description and Preprocessing Techniques

The research used a structured position of MSME financial data comprising of transactional data,
alternative digital payment data, and behavioural financial data gathered at different times. The raw
data was officially expressed as:

= {(x_i,yD)}, i=12,..,N

In which xi R is the d-dimensional financial feature of the i th MSME, and y i is the i th target
variable, such as credit risk class, cash-flow value, or label indicating loan is approved.

Preprocessing was done to guarantee consistency, reliability, and machine learning analysis
appropriateness. This involved data cleaning, normalization and time alignment. Any missing value
of the features was handled by means or median imputation which is defined as:

X j
D
R 2
k=1

Where, x_ij represents the j-th feature of the i-th MSME, and n denotes the number of available

observations for that feature.
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Feature normalization was applied using min—max scaling to ensure uniform feature ranges and
stable model convergence:
Xij — min(x]-)

!

xij =

max(xj) - min(x]-)

Where, min(x j) and max (x j) are the minimum and maximum values of the feature j respectively.

In the case of time-series cash-flow analysis, the sequential input samples were created based on a
sliding window method:

Xe = { X{t-w+1p X{t—-w+2} ==+ xt}

Where, w represents window length that represents time based historical financial behavior.

Further features engineering was carried out to extract liquidity ratios, indices of revenue volatility,
repayment regularity scores, and seasonal features, which improved the learning ability and prediction
strength of the proposed Al models.

Model Implementation Details and Parameter Settings

The supervised learning framework was applied to the implementation of the Al models. Random
Forest was set up to process nonlinear credit risk dynamics, LSTM networks to process temporal
dependencies between cash-flows and XGBoost to optimise loan approval and default forecasting. A
grid search with cross-validation was used to set hyperparameters in order to trade-off between
accuracy and generalization.

Table 2. Model Implementation Details and Parameter Settings

Model Key Parameters Values Used
Random Forest Number of trees 200
Random Forest Max depth 15

LST™M Hidden units 64

LSTM Time steps 12

XGBoost Learning rate (1) 0.05
XGBoost Max depth 6

XGBoost Boosting rounds 300

Performance Evaluation Metrics

The standard classification and forecasting measures were used to assess the model performance.
In the case of classification-based tasks, accuracy was calculated as:
TP + TN

TP + TN + FP + FN
Where, TP signifies true positives, TN signifies true negatives, FP signifies false positives and FN

Accuracy =

signifies false negatives.
The definition of precision and recall was.

poeioion — TP
recision = TP n FP
Recall =—F
At =TP ¥ FN

Precision was a measure of the percentage of instances of positive predictions that was correct, and
recall was a measure of the model's capacity to determine all the positive instances that are pertinent:

Precision X Recall
Fl = 2 X%

Precision + Recall
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When working on cash-flow forecasting tasks, the accuracy of prediction was considered with the
help of the Mean Absolute:

1 A
MaE = (=) 3021y - 94

Where yi is the actual cash-flow value, y i is the predicted cash-flow value, and n is the number of
observations. A smaller MAE value means a higher forecasting performance.

Comparative Baseline Systems

The suggested Al-based framework was contrasted with the traditional rule-based financial
evaluation frameworks and simple statistical models that are widely used with MSME lenders.
Thresholds such as manual credit scoring, threshold-based cash-flow analysis, and logistic regression
models based only on the conventional financial indicators were used as baselines. Such systems did
not have the capacity to handle different data, attain temporal dynamics and adjust to changing
financial behaviour. The comparative analysis has proved that the suggested framework proved more
successful than the baseline systems in prediction accuracy, processing speed, and reliability of the
decisions, which contributes to the significance of Al-assisted financial management by MSMEs in
emerging markets.

Experimental Results and Analysis
Cash-Flow Forecasting Accuracy and Liquidity Insights

The performance of the cash-flow forecasting was measured to gauge the capability of the
framework in ensuring proactive liquidity management of MSMEs. The LSTM-based forecasting
model exhibited a high predictability as it was able to capture the seasonal changes, expense cycles
and revenue fluctuations in an accurate manner. Higher accuracy of the forecasts allowed MSMEs to
predict short-term liquidity requirements and organize the working capital needs more efficiently. In
comparison with the traditional methods of statistical forecasting, the model of Al driven reduced
forecasting mistakes by far and increased financial visibility. The findings indicate that correct cash-
flow forecasting had a direct positive impact on the quality of liquidity planning, the decreased
dependence on emergency credit, and operational stability.

Table 3. Cash-Flow Forecasting and Liquidity Performance Results

Parameter Baseline Model (%) LSTM Model (%)
Forecast Accuracy 68.4 86.9
Liquidity Prediction Accuracy 65.2 84.1
Cash Shortfall Detection Rate 61.7 82.6
Surplus Identification Accuracy 66.3 85.4
Revenue Trend Capture 70.1 88.2
Overall Forecast Reliability 67.5 86.0

Table 3 provides a comparative examination between the cash-flow forecasting and liquidity-related
performance in a baseline forecasting model and LSTM-based approach. The findings indicate it is
evident that the LSTM model is much superior in all the parameters measured. The accuracy of
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predictions increased to 86.9% as compared to 68.4% implying a good ability by the model to uncover
complicated time trends in MSME financial data.

Performance (%)
& =) ©
o (=] <o

~n
(=

0-

d .
oo ™" v.e\\a“"“vj

Parameter
I Baseline W LSTM

Figure 2. Cash-flow forecasting and liquidity performance comparison between baseline and LSTM
models

There was an increment of liquidity prediction accuracy and rates of cash shortfall detection by
almost 19-21 and the potential liquidity stress could be identified earlier. Notably, excess
identification accuracy was 85.4 which Favors better working capital designation and investment
planning. The increased revenue trend capture (88.2) demonstrates the effectiveness of the LSTM
model in learning seasonal and cyclic business habits that are common in MSMEs, as represent it in
figure 2. The level of reliability of the overall forecast increased significantly, which supports the
framework in making proactive financial decisions. These findings support the claim that Al-based
time-related modeller makes available to MSMESs actionable insights on liquidity, which could not be

obtained by traditional statistical predictive tools, enhancing financial strength and stability in
operations.

B. Credit Risk Prediction and Loan Approval Performance

Random Forest and XGBoost models were used to predict credit risks and performance in loan
approval. The findings show that ensemble-based models were much better than traditional classifiers
in terms of managing nonlinear dependence and alternative financial data. Random Forest was able
to do a strong risk classification whereas XGBoost depicted a better loan approval prediction. These

enhancements led to increased creditworthiness of the MSMEs and minimization of credit risks
among borrowers.

Table 4. Model-Wise Credit Risk and Loan Approval Performance

Model Accuracy Precision Recall F1-Score AUC
Logistic Regression 72.6 70.4 68.9 69.6 74.1
Random Forest 84.8 83.5 82.1 82.8 87.3
XGBoost 88.9 87.6 86.4 87.0 90.8

Table 4 is a summary of the performance of various machine learning models with credit risk
prediction and loan approval evaluation. The findings show that there is a noticeable advance in
predictive accuracy of the conventional logistic regression to ensemble models. Logistic regression
had a moderate level of accuracy (72.6) but had drawbacks in recall and F1-score because of its
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inability to identify nonlinear relationships in financial data of MSMESs, accuracy comparison shown
in figure 3. The Random Forest model, on the other hand, was far more accurate (84.8%), and
exhibited greater AUC (87.3%), and this model has proven to be well generalized and robust when
dealing with heterogeneous data. The XGBoost model had the best performance with the highest
accuracy of 88.9% and the highest AUC of 90.8 taking into account the ability to capture complex
feature interactions, AUC comparison shown in figure 4. The equal accuracy and recall rates imply
the trustworthy creditworthiness evaluation with fewer false approvals and rejections. These results
confirm the usefulness of using advanced ensemble learning methods to minimize information
asymmetry, increase the reliability of loan approval, and increase lender confidence to serve MSMEs
in underdeveloped economies.
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Figure 3. Comparison of credit risk classification accuracy across different machine learning models

Logistic Regression Random Forest XGBoost
Method

Figure 4. AUC-ROC performance comparison for credit risk and loan approval prediction models

C. Operational Efficiency and Loan Processing Time Reduction
The operational efficiency was measured through loan processing time, level of automation as well

as decision turnaround. The Al-based structure minimized the human factor and speeded up credit
approvals.

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



Amey Adinath Choudhari et. al

Table 5. Operational Efficiency and Processing Time Analysis

Metric Traditional System  AI-Driven Framework
Average Loan Processing Time (hours) 72 26

Decision Automation Level (%) 28 81

Manual Verification Effort (%) 65 19

Application Throughput (per day) 45 132

Table 5 compares the efficiency gains in operation of the suggested Al-based financial management
framework with the state of traditional systems. The findings indicate that there is a significant
decrease in the average loan processing time (72 hours) to 26 hours due to the effect of automation
and real-time analytics. Automation of the decisions was raised to 81 percent and the reliance on the
manual verification processes was significantly reduced. In line with this, the manual work was also
lessened to only 19% of the financial institutions could now scale up their work with MSME lending.

70

60

50

40

30

Processing Time (Hours)

20

10

I Loan Processing Time

Traditional Al-Driven

Figure 5. Loan processing time comparison between traditional and Al-driven financial systems

Throughput in the application had almost increased three times, which means that the system scaled
better and served quicker. Besides, the implementation of the framework has reduced the processing
cost by 38.5, which can be seen as practical economic returns to the lenders and fintech sites. These
efficiency scales are essential in the developing economies where the cost of operation is usually a
constraining factor of accessing credit by MSMESs, time comparison with Al driven approach illustrate
in figure 5. All in all, the table shows that not only does the use of Al-based automation enhance the
speed with which financial processes take place, but it also affects the affordability, accessibility, and
sustainability of MSME financing.

D. Comparative Analysis with Traditional Rule-Based Systems

The comparative study reveals the obvious benefits of the suggested Al-based framework in
comparison with the conventional rule-based financial systems. The control systems were based on
predetermined thresholds and minimal financial indicators, thus, lacked accuracy and made decisions
more slowly. Conversely, the Al model utilized the multidimensional data and adaptive learning and
had better predictive power and operational efficiency. These findings verify that Al-powered
financial management systems are scalable and inclusive in finance of MSMEs in developing
economies.
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Table 6. Comparative Performance with Rule-Based Systems

Performance Indicator Rule-Based System Proposed AI Framework
Overall Decision Accuracy 69.2 88.4
Credit Approval Success Rate 61.5 79.8
Default Risk Detection 64.3 86.1
Financial Transparency Score 66.7 90.3
System Adaptability 58.4 92.0

Table 6 gives a comparative analysis of the conventional rule-based financial assessment systems and
the suggested Al-driven model. The findings demonstrate that there are significant positive performance
changes in all the important indicators.
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Figure 6. Performance comparison between rule-based financial systems and the proposed Al-driven
framework

The total accuracy in making decisions improved by 19.2% to 88.4, which is an indicator of the
capacity of Al framework to adjust to various MSME financial profiles. There was an increase in the
rate of credit approval by a factor of more than 18 which reflects an inclusive lending process without
imperfect risk management. The probability of default risk detection increased sharply with the
probability standing at 86.1, which indicates improved early risk detection. The score on financial
transparency had improved to 90.3 and helps enhance trust and auditability of MSMESs and lenders,
as shown in figure 6. Above all, system adaptability had been 92.0% indicating the capability of the
framework to learn in real time through changing financial behaviours. These findings support the
idea that Al-based systems are superior in comparison to traditional rule-based systems, as they
provide scalable, adaptive, and data-driven financial intelligence and are more appropriate in dynamic
MSME settings of developing economies.

Key Findings and Discussion
Impact of Al on MSME Financial Decision-Making

The results of this paper have shown that the implementation of Al-based financial management
systems was very effective in improving the quality and timeliness of financial decision-making in
MSME:s. The suggested model allowed businesses to switch to the reactive, intuition-driven decisions
to the proactive, data-driven strategies. With the combination of LSTM-based cash-flow forecasting
and ensemble learning-based risk assessment, MSMEs obtained the sustained opportunity to see the
liquidity status, turnover, and spending patterns. This enhanced financial awareness and enabled
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enterprise owners to plan their working capital requirements, make repayments on time and optimize
on their operating costs. The recommendation engine was an Al-based decision support that produced
actionable recommendations in real-time to assist in responding faster and more intelligently to market
changes by the managers. Contrary to the conventional accounting tools, the system was used to
process the past and real-time data hence, recording dynamic financial behaviours. The empirical
findings on the same implied that better forecasting accuracy and risk classification were the direct
cause of strategic planning, decreased financial uncertainty, and operational efficiencies. All in all,
the results showed that Al was a cognitive enhancement tool among MSME owners that enhance
financial discipline and make evidence-based decisions in resource-constrained settings.

Reduction of Information Asymmetry and Risk Exposure

The results of the study also indicated that Al-based financial analytics was important in mitigating
information asymmetry between MSMEs and financial institutions. The conventional lending
procedures were overly dependent on financial statements which were limited and fixed credit
histories which were not reflective of the actual financial ability of MSMEs. The suggested framework
has overcome this limitation since it uses alternative and behavioural financial data, thus producing
the complete and transparent financial profiles. Random Forest and XGBoost models are good at
identifying nonlinear patterns of risk and the model of how credit is repaid, which allows further
correct classification of the credit risk. This enhanced visibility of risks minimized false rejection of
loans as well as minimized exposure to risky borrowers. Also, the system created early warning
indicators, which were used to mitigate the risks proactively, enabling both the MSMEs and the
lenders to act to correct the situation before the financial distresses got out of control. The findings
have revealed that there was significant increase in default risk detection and reliability in loan
approvals. As a result, the framework minimized uncertainty in credit analysis, increased lender
confidence and added to a more balanced system of risk-sharing in MSME financing systems.

Implications for Financial Inclusion and MSME Resilience

The results of the given study showed important implications in the financial inclusion and long-
term sustainability of MSMEs in the developing world economies. Through Al-based financial
management, the framework helped the underserved and informally functioning MSMEs to develop
credible digital financial identities. The inclusion of the alternative data sources also enabled
businesses that had weak credit records to show that they were financially reliable, and thus enhanced
their ability to gain formal financing options. The growth was inclusive as the barriers to entering
credit markets increased with improved rates of loans being approved and decreased processing times.
Besides, better cash-flow prediction and risk management enhanced the MSME resilience to
economic shock, demand fluctuations and liquidity constraints. The structure allowed the long term
growth of the enterprise as it encouraged transparency of finances, sound financial conduct, and
flexibility of decisions. In general, the research established that intelligent financial management
systems did not only increase access to finance, but also strengthened the survival and competitiveness
of MSME:s in volatile and unpredictable market conditions.

Conclusion

This paper proposed an Al-based financial management system that will revolutionize financial
decision-making and finance availability to MSMEs in the developing economies. The study showed
that application of machine learning algorithms i.e. Random Forest, LSTM and XGBoost algorithms
played a vital role in improving core financial functions such as cash-flow forecasting, credit risk,
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loan approval prediction and so on. The empirical findings were significant in the increase of accuracy
of predictions, risk detection and efficiency of operation in relation to the traditional rule-based
systems. The suggested framework has been successful in minimising time in loan processing, more
automation in decision making, and enhancing reliability in credit approval, which is a long-term
efficiency problem in the MSME financial management. Through the use of alternative and
behavioural financial data, the system produced holistic financial portraits that better reflected greater
financial capacity of MSMEs and minimized information asymmetry between financial institutions
and enterprises. The results also highlighted the revolutionary nature of Al-facilitated financial
ecosystems in the inclusive finance and MSME resilience. The analytics were based on Al, which
served to help MSMEs react to the market fluctuations and liquidity issues better by promoting
proactive financial planning, early risk detection, and decision-making that is flexible enough. The
framework enabled increased transparency, trust in the lending processes, and the lender gained
confidence, and the credit access was enhanced to underserved enterprises. Generally, the paper has
found that Al-based financial management systems provide a scalable, efficient, and inclusive way of
enhancing the sustainability of MSMEs. The insights add to the existing literature on fintech and can
form a practical basis of policymakers, financial institutions, and technology providers aiming to
create resilient and inclusive MSME financial ecosystem in a developing economy.
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