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ABSTRACT: The traditional dependence on financial ratio analysis to evaluate the creditworthiness of Small and
Medium Enterprises (SMEs) is facing new challenges from data-driven innovations. Standard models often
struggle due to limited financial information, inconsistent record-keeping, and the natural instability of SMEs. As
artificial intelligence (Al) grows and access to non-traditional data sources increases, such as transaction histories,
digital footprints, and behavioral patterns, credit risk assessment can move beyond traditional methods. This study
looks into how combining Al-driven insights from alternative data with standard financial ratios can improve SME
credit risk assessment. By using a mixed-methods approach, the research creates and tests Al models that include
both structured financial metrics and unstructured alternative data. It also examines the ethical, operational, and
regulatory impacts of Al-enhanced credit evaluation systems. The findings aim to greatly help financial inclusion,
increase the accuracy of credit assessments, and provide scalable solutions for lenders operating in the SME credit
markets of a more digital economy.

L. INTRODUCTION
11 Background of the Study

Small and Medium Enterprises (SMEs) are undoubtedly the backbone of both emerging and developed
economies. They make up about 90% of businesses and more than 50% of employment worldwide (World Bank,
2022). Yet, SMEs often struggle to access formal credit. The International Finance Corporation (IFC) reports that
the global SME financing gap exceeds $5.2 trillion annually, impacting businesses in developing regions more
than others (IFC, 2021). Traditional credit evaluation methods focus on financial ratio analysis, which suits entities
with stable, formalized financial reports. Unfortunately, this approach does not fit SMEs that often have limited
documentation, informal transactions, and varying cash flows (Altman et al., 2017). As a result, banks frequently
see SMEs as high-risk borrowers, not necessarily because they are inherently risky but because of a lack of
information (Stiglitz & Weiss, 1981).

At the same time, the rise of digital commerce, banking, and social interactions has created new sources
of alternative data. Payment histories, e-commerce reviews, geolocation patterns, and social media activity provide
useful insights into financial behavior (Frost et al., 2019). Al and machine learning technologies can now analyze
these unstructured or semi-structured data sources to uncover predictive insights. Despite increasing research on
Al in finance, the relationship between traditional financial ratio analysis and Al-driven alternative data remains
largely unexplored, particularly regarding SME credit risk assessment. This research aims to address this gap by
creating a framework that combines both data approaches.

1.2 Statement of the Problem
Traditional financial ratio models have been used for a long time in credit risk assessment. However, they
have significant limitations when applied to small and medium-sized enterprises (SMEs):
e Data scarcity and low reporting quality result in unreliable ratio analyses.
e They do not respond well to real-time changes, missing dynamic financial behaviors.
o They overlook non-financial indicators, like customer satisfaction or operational consistency,
which are becoming more important in the digital age.

Financial institutions that depend only on traditional ratios risk credit rationing. This means that viable
SME:s could be wrongly denied financing. They also risk overexposure, where important risk signals are missed
(Berger & Udell, 20006).
While Al models that use alternative data show promise, using them alone can lead to issues such as lack of clarity,
bias, and regulatory challenges if they are not built within clear, transparent frameworks. This situation highlights
the urgent need for a hybrid approach that combines the strength of financial ratios with the insights from
alternative data.
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1.3 Objectives of the Study Main Objective:
To explore how Al-augmented financial ratio analysis, enhanced with non-traditional data, can improve
credit risk assessment for SMEs.

Specific Objectives:

. To evaluate the limitations of traditional financial ratio models in SME credit assessment.

. To investigate the predictive value of alternative data in evaluating SME creditworthiness.
. To develop Al-based models that integrate financial ratios with alternative data.

. To compare the performance, fairness, and explainability of hybrid models versus traditional models.
. To assess the ethical, regulatory, and operational implications of Al-augmented credit evaluation.

14 Relevant Research Questions

1. How do Al models using alternative data compare to traditional financial ratio models in
predicting SME credit risk?

2. What types of alternative data contribute most significantly to creditworthiness prediction for
SMEs?

3.  How does the integration of alternative data with financial ratios affect model accuracy,
fairness, and explainability?

4.  What are the ethical, regulatory, and operational challenges associated with deploying Al-
augmented credit assessment frameworks?

5. To what extent can Al-driven hybrid models reduce credit rationing for SMEs?

1.5 Research Hypotheses

. H1: Al models integrating alternative data with financial ratios exhibit significantly higher
predictive accuracy than models based solely on financial ratios.

. H2: The inclusion of behavioral and transactional alternative data improves the fairness of
SME credit assessments by reducing demographic and geographic biases.

. H3: Hybrid models provide better explainability and stakeholder acceptance compared to
Al models using alternative data alone.

. H4: The use of non-traditional data mitigates information asymmetry, reducing the incidence of

false negatives (creditworthy SMEs being denied credit).

1.6 Significance of the Study
This research holds significance across multiple domains:
. Academic Contribution: It adds to the credit risk literature by creating a new hybrid framework
that combines traditional financial ratio analysis with machine learning- driven evaluation of
alternative data.

3 Practical Relevance: Lenders, fintechs, and credit bureaus can use the proposed models to broaden
credit access while managing risk better.

. Policy Implications: The study helps regulators understand how to balance promoting financial
innovation with making sure Al is used ethically and transparently.

. Social Impact: By improving credit assessment for small and medium-sized enterprises (SMEs),

the research supports financial inclusion, job creation, and economic growth, especially in
underbanked areas.

1.7 Scope of the Study
Geographical Scope: The primary focus is on SMEs within developing economies where credit gaps are more
pronounced but includes comparisons with data from advanced economies.

Data Scope: The study utilizes both structured financial statement data and non- traditional datasets, including
transactional histories, e-commerce records, and digital footprints.

Temporal Scope: Data spans a minimum of five years (2019-2024) to capture temporal shifts, including COVID-
19-related impacts.

Technical Scope: It covers a comparative analysis between traditional statistical models and AI models (Random
Forest, Gradient Boosting, Neural Networks) integrated with XAI (Explainable Al) techniques.
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1.8 Definition of Terms

. Financial Ratio Analysis: A method of evaluating a firm's financial health through quantitative
metrics derived from financial statements (e.g., liquidity, solvency, profitability).

. Alternative Data: Non-traditional datasets not found in standard financial reports, including digital
transaction records, behavioral data, and online footprints.

. Al-Augmented Credit Assessment: The use of machine learning and Al tools to enhance
traditional credit evaluation methods.

. SMEs (Small and Medium Enterprises): Businesses that maintain revenues, assets, or number of
employees below certain thresholds defined by specific countries or industries.

. Explainable AI (XAI): Al methods that provide transparent and interpretable predictions, allowing
stakeholders to understand decision-making processes.

. Credit Rationing: A situation in which lenders limit the supply of loans despite borrowers being

willing to pay higher interest rates, often due to information asymmetry.

II. LITERATURE REVIEW
2.1 Preamble

Credit risk of Small and Medium Enterprises (SMEs) has been traditionally assessed based on the analysis
of financial ratios, which is obtained out of structured financial statements (Altman, 1968). Nevertheless, problems
that SMEs often face include poor/incomplete financial statements, scarce official credit ratings and high volatility
which result in assymmetry of information between loan providers and borrowers (Berger & Udell, 2006). As a
counter-reaction, the emergence of new capabilities in artificial intelligence (AI) has brought additional data
sources-such as transactional data, digital footprint data, psychometric tests, and online behavior data-to the credit
risk modeling (Bholat et al., 2021). The capability of Al to analyse high-dimensional and unstructured data in real-
time can be considered an opportunity to improve the existing classical models of credit assessment, including
small and medium-sized enterprises that do not receive the necessary level of support in terms of financial
resources through traditional financial mechanisms. The current literature research examines the connection
between financial ratio analysis, Al approaches, and alternative information in the context of improving the credit
risk of SMEs. It is organized into a theoretical background, after which it provides an empirical review of existing
studies, with the help of which it points out their gaps to be filled by this study.

2.2 Theoretical Review
2.2.1 Financial Ratio Analysis and Credit Risk Theory

Since the early years of credit risk assessment featured the Z-score model of Altman (Altman, 1968),
financial ratio analysis has been a staple in credit risk assessment. These models are based on the measures of
liquidity, profitability, leverage, and efficiency ratios to measure relative probabilities of default on a firm. They
have a foundation on the Asymmetric Information Theory, and they involve application of observable financial
indicators, by lenders, to deduce unobservable creditworthiness of their recipients (Akerlof, 1970; Stiglitz &
Weiss, 1981). Nonetheless, this method presupposes the presence of consistent and resourceful financial data the
assumption that might not apply to SMEs, and in certain situations to the ones in an emerging economy. The
inflexible nature of ratio-based models finds it difficult to frame dynamic, behavioural or qualitative aspects of
SMEs operations (Baesens et al., 2003).

222 Al-Augmented Credit Risk Modeling

Al brings with itself techniques that are able to deal with non-linearity, high-dimensional relationships.
The ML models, including Random Forests, Support Vector Machines, Gradient Boosting, and Neural Networks,
have proven to have better predictive performance throughout the model type than the traditional statistical models
(Lessmann et al., 2015). Recently, Deep Learning (DL) model, such as Recurrent Neural Network (RNN) and
Long Short-Term Memory (LSTM) network is used to introduce characteristics of temporal dependencies in
transactional data (Zhang et al., 2021). The use of Natural Language Processing (NLP) is utilized to mine the
textual information on customer reviews, news and sentiment on social media (Liu et al., 2020). Simultaneously,
Exainable Artificial Intelligence (XAI) systems are being developed as a way to deal with the opacity of Al
models, where Al used in financial application is a major concern because of regulatory necessities and fairness
issues (Ryll et al., 2021).

223 Theoretical Framework for Hybrid Modeling
This study is underpinned by a hybrid theoretical framework combining:
. Asymmetric Information Theory: Addressed by both financial ratios (structural signals) and

alternative data (behavioral signals).

AJHSSR Journal Page |433



American Journal of Humanities and Social Sciences Research (AJHSSR) 2025

. Credit Scoring Theory: Where Al complements financial ratios to improve default prediction.

. Data Augmentation Theory: Suggests that augmenting sparse structured data (ratios) with
abundant unstructured data (digital footprints) enhances decision- making accuracy (Chen et al.,
2022).

. Responsible AI Principles: Ensuring fairness, transparency, and accountability in automated

financial decisions (European Commission, 2021).

2.3 Empirical Review

2.3.1. Financial Ratio-Based Models: Strengths and Limitations

Ratio-based credit scoring was established on seminal articles like those of Altman (1968) and Ohlson (1980).
These models are good in corporate finance but they fail to reflect in SMES, most of which have unproper or
incomplete financial records (Berger & Udell, 2006). The new papers, such as Kim et al. (2020), revealed that,
even though financial ratios remain to be a good basis of prediction, lacking the dynamic behavioral insights in
terms of explaining phenomena especially of micro and informal businesses is an area they overlook.

2.3.2 AI Models with Alternative Data
Numerous studies have demonstrated the efficacy of Al models in integrating alternative data:
e  Transactional Data: Khandani et al. (2010) showed that ML models using credit card transaction data
outperform traditional models in predicting delinquency.
o Digital Footprints: Bjorkegren & Grissen (2018) demonstrated that mobile phone metadata can
effectively predict loan default in low-income populations lacking formal financial histories.
. Social Media & Web Data: Duarte et al. (2012) found that Facebook friends’ credit behavior influences
individual loan repayment, showing the predictive power of social networks.
e  Supply Chain & Satellite Data: Hassan et al. (2022) explored satellite imagery and supply chain
logistics as proxies for operational activity, contributing to credit risk models.

These studies collectively affirm that alternative data substantially enhances credit risk models' robustness,
particularly for SMEs with limited traditional data.

2.3.3 Hybrid Models Combining Financial Ratios and Al Insights

Hybrid models that integrate both financial ratios and alternative data have shown promising results:

. Wang et al. (2020) combined financial ratios with e-commerce transaction histories for Chinese SMEs,
improving prediction accuracy by over 25% compared to ratio- only models.
. Ryll et al. (2021) proposed an explainable Al framework that combines traditional financial indicators with

alternative data, enhancing lender trust while maintaining regulatory compliance.

However, these studies are limited by:
e  Geographic focus: Most research centers on East Asia, East Africa, and parts of Europe. Less is known
about Latin America, South Asia, or North America’s SME sectors.
e  Sector homogeneity: Few studies differentiate SMEs by industry, though digital footprint availability
varies significantly between, for example, tech startups versus agriculture-based SMEs.
e  Operational challenges: Many models overlook practical deployment issues such as data sparsity, model
drift, and explainability in real-world settings.

2.4 Identified Gaps and This Study’s Contribution Gaps:

Insufficient synthesis between financial ratio models and Al-driven models at a conceptual level.
Limited discussion on how sectoral differences affect the validity of alternative data.

Underexplored operational challenges of data integration and model maintenance.

Ethical and legal challenges inadequately addressed, especially concerning privacy in alternative data
usage.

e Geographic bias toward a few regions, neglecting global applicability.
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This Study Fills the Gaps By:
e  Proposing a conceptual hybrid framework that explicitly maps how financial ratios and
alternative data complement each other in SME credit risk modeling.
e  Analyzing sector-specific applications, recognizing that the utility of alternative data varies across
industries.
e  Addressing practical challenges such as data quality, model drift, and fairness.

e Integrating a detailed ethical analysis in line with global regulations (GDPR, CCPA, EU AI Act).
e  Providing a more globally inclusive empirical analysis by incorporating case studies from South Asia,
Latin America, and North America.

II1. RESEARCH METHODOLOGY

31 Preamble

Mixed-methodology conducted in this study combines the conventional quantitative financial analysis
with the state-of-the-art Al-based modeling methods. The rationale is that increasing the strength and reliability
of credit risk measurement of a Small and Medium Enterprise (SME) by supplementing traditional financial data
ratio analysis with alternative data of unconventional sources but processed on the basis of Artificial Intelligence
(AI) techniques. Since, per se, the use of structured financial information on SMEs represents a problematic source
of information, especially in situations where financial information is either incomplete, old fashioned or
unreliable, the study will utilise structured financial ratios and unstructured variables like transactional behaviour,
online reputations and digital footprints. In this methodology component, the research design, model framework,
data sources, methods and ethical protocols have been described.

3.2 Model Specification
3.2.1 Conceptual Model Framework
The conceptual framework integrates:

e  Traditional Financial Ratios: These include liquidity ratios (e.g., current ratio), profitability ratios
(e.g., return on assets), leverage ratios (e.g., debt-to-equity), and efficiency ratios (e.g., asset turnover).

e Al-Augmented Features from Alternative Data: These include behavioral transaction patterns,
digital engagement metrics, sentiment from customer reviews, and payment behavior from supply chain
data.

The proposed model operates under a hybrid predictive framework, combining:

. Traditional Logistic Regression (LR) and Discriminant Analysis (DA) models for financial
ratios.

. Machine Learning Algorithms (Random Forest, Gradient Boosting Machines, Support Vector
Machines) to handle structured alternative data.

. Deep Learning Architectures (Recurrent Neural Networks for time-series transactional data,

Convolutional Neural Networks for image-based data where applicable, and Transformer models
for textual sentiment analysis).

. Explainable AI (XAI) methods such as SHAP (SHapley Additive exPlanations) to enhance model
transparency (Ryll et al., 2021).

3.2.2 Model Equation
The baseline Logistic Regression model for traditional ratios is expressed as:

P(Default) = 1/+¢ (@B X By Xy B X )
Where, Xy represents the financial ratios.

The Al-augmented model extends this to: P(Default) = f(Financial
Ratios, Transaction Behavior, Digital Footprint, Sentiment Metrics, Supply Chain Data)

Where frepresents an ensemble of ML/DL models.
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3.3
331

Types and Sources of Data
Data Types

The study utilizes both structured and unstructured data:

O O O e

O O O O O e
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34
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Structured Data:

Financial statements (balance sheets, income statements).
Payment histories with financial institutions.

Credit bureau records.

Unstructured or Semi-Structured Data:

Transactional data (e.g., point-of-sale systems, bank feeds).

Digital footprint (website traffic, social media interactions).

Customer reviews, sentiment analysis from platforms like Google Reviews, Facebook, Yelp.
Mobile payment and wallet usage.

Supply chain logistics and delivery records.

Data Sources
Primary Data:

Data partnerships with local financial institutions and fintech companies to access anonymized SME
financial and transactional records.

Surveys administered to SME owners to capture qualitative operational data.

Secondary Data:

Public financial records where available.

Data from credit bureaus (Experian, Equifax, TransUnion) and open banking APIs.
Social media platforms and e-commerce websites.

Satellite imagery and geospatial data (for certain industries like agriculture and logistics).

Sampling Design

Population: SMEs operating within selected geographic regions (e.g., North America, South Asia,
and Africa) across multiple sectors (retail, manufacturing, service, and agriculture).

Sample Size: A minimum of 1,000 SMEs to ensure statistical robustness.

Sampling Method: Stratified random sampling based on sector, geography, and SME size to ensure
diversity and representation.

Methodology
Research Design

A convergent parallel mixed-method design is employed:

Quantitative analysis through financial ratio models and ML algorithms.
Qualitative insights derived from survey responses and expert interviews to interpret AI model outputs

and assess ethical considerations.

34.2

343

000 N~

Data Preprocessing

Structured Data: Cleaned for missing values, outlier detection using IQR and Z- score, normalization
using Min-Max scaling.

Unstructured Data:

Textual data: Processed with NLP techniques including tokenization, stemming, and sentiment scoring
using pre-trained transformer models (e.g., BERT-based models).

Transactional data: Processed into features like frequency, recency, and monetary value (RFM
modeling).

Modeling Approach
Baseline Model: Logistic Regression based solely on financial ratios.
Machine Learning Models:
Random Forest and Gradient Boosting for structured alternative data.
RNN for temporal transaction data patterns.
Transformer models (e.g., ROBERTa, FinBERT) for textual sentiment analysis.
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Model Evaluation Metrics:
Accuracy, Precision, Recall, F1 Score.
Area Under the ROC Curve (AUC-ROC).
Kolmogorov-Smirnov (KS) statistic to evaluate model discriminatory power.

Validation Techniques:
10-fold cross-validation.
Temporal validation for time-series transactional data.

OO0 N OO0OO0OW

Explainability:
SHAP values to interpret feature contributions.
Local Interpretable Model-Agnostic Explanations (LIME) for case-level
explanations.

0 0 W

344 Ethical Considerations

. Privacy: Data anonymization and compliance with GDPR (European Union) and CCPA
(California Consumer Privacy Act).

. Consent: Informed consent obtained from SME participants for survey and data usage.

. Bias Mitigation: Regular auditing of models for algorithmic bias, particularly
regarding gender, ethnicity, or region.

. Transparency: Use of explainable Al frameworks to ensure that decision outcomes can be
interpreted by human stakeholders (Ryll et al., 2021).

. Data Security: Encryption of sensitive data, secure data storage, and limited access to
authorized personnel only.

V.DATA ANALYSIS AND PRESENTATION
4.1 Preamble

This section includes a detailed discussion of the data that was gathered to compare the effectiveness of the method
of Al-augmented financial ratio analysis in terms of the credit risk assessment of SMEs with the aid of non-
traditional data. The analysis is done in a sequential order consisting of cleaning the data, executing descriptive
analysis, testing hypotheses and inferential statistic. The analysis of the data was performed with a mix of classical
statistical methods (e.g., regression analysis, correlation) and the metrics of machine learning models evaluation
(e.g., accuracy, AUC-ROC, feature importance). The findings were described using data visualization programs
like Python (Seaborn, Matplotlib) and SPSS.

4.2 Presentation and Analysis of Data
4.2.1 Data Treatment and Cleaning

The raw dataset consisted of:
° Structured data: 1,200 SMEs' financial records.

° Unstructured data: 1.5 million transactional records, 75,000 customer reviews, and digital
footprint data from web analytics.

Data cleaning procedures included:

. Missing Value Imputation: Mean imputation for financial data, forward-fill for transaction logs.
. Outlier Detection: Utilized interquartile range (IQR) for financial ratios and z-score thresholds (>3.0).
. Normalization: Min-Max scaling applied to ratio-based data; RFM (Recency, Frequency,
Monetary) normalization for transaction data.
. Text Preprocessing: Tokenization, stop-word removal, and sentiment scoring using FinBERT for
customer reviews.
4.2.2 Descriptive Statistics
Variable Mean Std. Dev Min Max
Current Ratio 1.68 0.52 0.65 3.5
Debt-to-Equity Ratio 1.32 0.45 0.40 3.2
Return on Assets (%) 8.5 4.1 -3.2 15.6
Sentiment Score (1-10) 7.2 1.3 3.5 9.8
RFM Transaction Score 0.68 0.21 0.12 0.95
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Observation: SMEs with higher sentiment scores and better RFM transaction scores correlated with lower
default rates.

4.3 Trend Analysis

43.1 Default Rate Over Time vs. Transaction Behavior
A trend analysis was conducted over a 5-year period (2020-2024).
. Observation: SMEs with improving transaction frequency and higher customer sentiment saw a

36% reduction in default rates, even when traditional financial ratios remained marginal.

43.2 Credit Risk vs. Digital Footprint
Year Avg. Sentiment Score Default Rate (%)
2020 6.3 14.2
2021 6.8 12.1
2022 7.1 10.8
2023 7.5 9.2
2024 7.8 8.5

Chart 1: Sentiment Score vs. Default Rate Over Time

Insight: Positive sentiment from digital reviews directly correlates with declining default rates.

Chart 1: Sentiment Score vs. Default Rate Over Time
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4.4 Test of Hypotheses
44.1 Hypothesis Restatement
. Ho (Null Hypothesis): Incorporating Al-driven alternative data does not significantly improve
credit risk assessment for SMEs beyond traditional financial ratios.
. H. (Alternative Hypothesis): Incorporating Al-driven alternative data significantly improves
credit risk assessment for SMEs beyond traditional financial ratios.
44.2  Model Performance Comparison
Model Accuracy AUC-ROC KS Statistic
Logistic Regression (Financial Ratios) 78.4% 0.781 0.41
Random Forest (Ratios + Alt Data) 89.7% 0.912 0.65
Gradient Boosting (Ratios + Alt Data) 91.3% 0.925 0.69
Deep Learning (DL) Ensemble 93.6% 0.948 0.73
Test Results:
. Chi-square difference between models = ¥*(3) = 48.71, p < 0.001
. Result: Statistically significant improvement with Al-augmented models.
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4.3. Feature Importance Analysis

Feature Importance (%)
RFM Transaction Score 23.4

Sentiment Score 19.8

Current Ratio 14.2
Debt-to-Equity Ratio 12.1

Return on Assets 9.7

'Website Traffic Volume 8.9

Payment Delinquency Events 7.6

Supply Chain Reliability 4.3

Insight: Non-traditional features (RFM scores, sentiment, digital footprint) collectively contribute over
50% of the predictive power.

4.5 Discussion of Findings
4.5.1 Interpretation of Results

Confirmatory Evidence: The results confirm that Al-driven analysis of alternative data
significantly enhances the predictive power for SME credit risk assessment beyond traditional
financial ratios.

Behavioral Indicators Matter: Variables like transaction frequency and online reputation
serve as strong proxies for SME operational health.

Model Accuracy: Deep learning ensembles achieved the highest accuracy, but random
forests offered better explainability through feature importance.

4.5.2 Comparison with Literature

Aligns with: Bjorkegren & Grissen (2018) who found that mobile phone data predicted
loan repayment in underserved populations.

Advances beyond: Khandani et al. (2010), who used traditional consumer credit risk
models but did not integrate real-time sentiment or supply chain data.

Extends: Ryll et al. (2021) by incorporating explainable Al in SME financing.

453 Practical Implications

For Lenders: Enables credit institutions to better serve underbanked SMEs by reducing
reliance on incomplete financial statements.

For SMEs: Encourages businesses to maintain positive digital footprints and transaction
transparency as these directly affect creditworthiness.

For Policymakers: Supports the creation of regulatory frameworks for ethical use of alternative
data in lending decisions.

454 Statistical Significance and Reliability

The models demonstrated p-values < 0.001 across all performance metrics, indicating
high statistical significance.

Reliability checked via 10-fold cross-validation and temporal validation with consistent
AUC scores across folds.

4.6 Limitations of the Study

Data Bias: The study relies on SMEs with some digital presence, potentially excluding
those completely offline.

Geographical Constraints: Focused primarily on SMEs from three regions; results may not
generalize globally.

Model Complexity: Deep learning models, while highly accurate, are often less interpretable
despite XAl techniques.

Data Privacy: Issues regarding ethical collection and consent for alternative data, especially in
regions with weaker privacy laws.
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4.7 Recommendations for Future Research

e  Cross-Regional Studies: Expanding the dataset to include SMEs from diverse economies.

e  Sector-Specific Modeling: Building models tailored to specific industries like agriculture,
manufacturing, or services.

e Integration of ESG Data: Exploring how Environmental, Social, and Governance (ESG) factors
enhance credit risk modeling.

e  Causal Inference Methods: Moving beyond correlation to causal modeling to better understand
which factors directly impact SME creditworthiness.

The results definitively confirm that SME credit risk evaluation based on Al-enhanced models that use alternative
data provide major advantages in comparison to using financial ratios to analyze the credit risks. Not only does
this mixed strategy improve the accuracy of prediction, it also makes credit available to SMEs that do not have a
complete set of financial records, in a way, democratizing it.

V. CONCLUSION
51 Summary
This study set out to investigate how integrating AI-augmented financial ratio analysis with alternative data
sources—such as transaction patterns, digital footprints, and sentiment analysis—can enhance the accuracy and
reliability of credit risk assessments for SMEs.

The study was guided by the following research questions:

e RQI: To what extent do traditional financial ratios accurately reflect SME creditworthiness?

e RQ2: How can Al-driven insights from alternative data complement traditional financial ratios in
credit risk assessment?

e RQ3: What is the relationship between non-traditional data metrics (e.g., online sentiment, transaction
trends) and SME loan default rates?

Correspondingly, the hypotheses tested included:

e Hi1: Traditional financial ratios alone are insufficient for fully capturing SME credit risk profiles.

e H2: Integrating Al-driven insights from non-traditional data significantly improves credit risk prediction
accuracy for SMEs.

e H3: Positive sentiment scores and robust digital transaction patterns are inversely correlated with default
rates.

Key Findings:

e Traditional financial ratios remain essential but show limitations in reflecting the real-time operational
dynamics of SMEs, especially in rapidly changing environments.

e Alternative data sources—such as customer sentiment, transaction flow patterns, and online reputational
indicators—demonstrate a strong predictive relationship with credit default risks.

o Empirical results confirmed that SMEs with higher positive sentiment scores and stronger digital
transaction activity exhibited lower default rates, supporting H2 and H3.

e Al models that integrated both traditional and non-traditional data outperformed models that relied solely on
financial ratios, offering better precision, recall, and predictive accuracy.

5.2 Conclusion

The conclusion is very strong as regards the affirmation that AI-Augmented Financial Ratio Analysis is
an essential step forward in credit risk assessment of SMEs. Convention financial ratios- although basic, do not
represent the subtle, dynamic and many times informal financial reality of the small businesses. Financial
institutions can enrich their credit risk models by combining the wisdom of Al models trained on alternative (digital
footprints, transaction histories, online sentiment analysis et cetera) data to give more holistic, more accurate, and
more inclusive assessments of the credit risk of borrowers. The confirmation of the conjectures proves the idea
that alternative data is an effective supporting instrument, especially, when it concerns SMEs having insufficient
financial records or sparse credit files. Moreover, it is indicated in the research that such predictive power of
variables, such as customer sentiment, transactional frequency is as useful, and typically better, in place of
traditional liquidity and solvency ratios.
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53 Contributions of the Study
This study makes several meaningful contributions to both academic literature and practical financial services:

e Theoretical Contribution: It extends existing credit risk theories by integrating alternative data
paradigms with classical financial ratio frameworks, paving the way for a hybrid model suitable for the
digital economy.

e Methodological Contribution: It demonstrates how Al techniques, particularly machine learning models,
can operationalize non-traditional data into measurable credit risk variables.

e Practical Contribution: Financial institutions, fintechs, and microfinance banks can adopt the proposed
framework to make better-informed lending decisions, particularly in emerging markets where SMEs
often operate without formal credit histories.

¢ Policy-Level Contribution: Regulators can leverage these insights to draft inclusive credit assessment
policies that recognize the validity of digital operational data alongside traditional financial reports.

5.4. Recommendations
Based on the research findings, the following recommendations are proposed:

For Financial Institutions:

e  Adopt hybrid credit models that combine traditional financial ratios with Al- driven alternative
data analytics.

e Invest in Al infrastructure capable of processing unstructured data such as social media sentiment,
e-commerce transactions, and payment histories.

e  Train credit analysts to interpret Al-driven risk scores alongside conventional metrics.

For SMEs:

o Enhance digital footprints by maintaining active websites, participating in online marketplaces, and
encouraging customer reviews.
e Improve transaction transparency by adopting digital payment solutions that create verifiable financial trails.

For Policymakers and Regulators:

. Develop regulatory guidelines that formally recognize alternative data as valid input for credit scoring.
. Encourage data-sharing ecosystems that balance privacy with financial inclusion.

For Researchers:

e Conduct further studies across different regions, industries, and economic contexts to validate and refine the
proposed model.

e Explore the ethical implications of Al-driven credit assessments, particularly regarding data privacy
and algorithmic fairness.

In an era where SMEs are increasingly digitized but still underrepresented in formal financial systems, this research
provides a timely and pragmatic roadmap for enhancing credit risk assessment models. The convergence of
traditional financial analytics with Al- powered alternative data isn't merely a technological shift—it represents a
transformation in how financial inclusion is conceptualized and operationalized. As financial institutions evolve,
those embracing data-driven, Al-augmented approaches will be better positioned to unlock the full economic
potential of SMEs, reduce defaults, and foster sustainable economic growth.
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APPENDIX

Survey Questionnaire for SME Owners

Title: “Al-Augmented Financial Ratio Analysis: Enhancing Credit Risk Assessment for SMEs with Non-
Traditional Data”

Confidentiality Statement: All responses will be kept strictly confidential and used solely for academic and

research purposes. Your participation is voluntary, and you may withdraw at any time.
Section A: Business Profile

1. Business Name:

2. Industry Sector:

O Manufacturing

O Retail

O Services

O Technology/Digital
O Other (Specify):

Location:
Urban
Peri-urban
Rural

ooOoOow

Business Age:
Less than 1 year
1-3 years
4-7 years

oooo*s

More than 7 years

Number of Employees:
Less than 10 (Micro)
10—49 (Small)
50-199 (Medium)

oogo

Annual Turnover:
Less than $50,000
$50,000 — $250,000
$250,001 — $1,000,000
Above $1,000,000

oooogoe

Section B: Financial Health & Operations

How stable is your cash flow over the past 12 months?
Very stable
Stable
Unstable
Very unstable

ooogx
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Do you regularly face delayed payments from customers?
Frequently
Occasionally
Rarely

OoooOogee

Never

How often do you experience supply chain disruptions?
Frequently
Occasionally
Rarely

OooO0Ogdese

Never

Rate your inventory turnover efficiency:
Very efficient
Moderately efficient
Inefficient

I:IEIEIEI;

Not applicable

Have you experienced employee turnover that impacted operations in the past year?
Yes
No

I:II:IE:

Section C: Digital Footprint and Online Presence

12. Does your business have: (Check all that apply)
(Il A company website

O Social media presence (e.g., Facebook, Instagram, LinkedIn)
(Il An online marketplace account (e.g., Jumia, Shopify, Amazon)
O None of the above

How frequently do customers leave online reviews or feedback?
Very frequently
Occasionally
Rarely

I:II:IEIEI_S

Never

14. What is your average online review rating? (If applicable)
4.5 — 5 stars (Excellent)

4.0 — 4.4 stars (Good)
3.0 — 3.9 stars (Average)
Below 3.0 stars (Poor)
Not applicable

oooo o

How much has your online presence influenced customer acquisition?
Significantly
Moderately
Slightly
Not at all

I:II:II:II:I;‘_l
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Section D: Transactional Behavior

16. What is the average number of financial transactions (payments received/made) per month?
O Less than 20

[l 21-50

[l 51-100

O More than 100

17. Are your sales seasonal?

O Yes, highly seasonal

O Moderately seasonal

O Not seasonal

18. How often do you experience cash flow shortages?

O Frequently

(| Occasionally

O Rarely

O Never

19. Do you use digital payment platforms (e.g., mobile money, PayPal, Stripe)?
O Yes

O No

Section E: Risk Perception and Financial Management

20. How would you describe your current financial risk level?

O High

(Il Moderate

(| Low

21. Have you previously applied for a loan or credit facility?

O Yes — Approved

(Il Yes — Rejected

(| No

22. If rejected, do you believe traditional financial ratios accurately reflected your business's true
financial health?

(] Yes

(] No

[l Not applicable

23. Do you use alternative financing options (e.g., peer-to-peer lending, crowdfunding)?
(| Yes

(] No

24. How effective do you believe alternative data (e.g., online sales, customer reviews) is in
representing your creditworthiness?

O Very effective

(| Somewhat effective

(] Not effective

(| Unsure
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Section F: Open-Ended Qualitative Responses

25. In your opinion, what challenges do SMEs face when evaluated solely on traditional financial
ratios?

26. How do digital footprints (e.g., customer reviews, online sales) reflect the financial health of your
business?

27. What improvements would you suggest to financial institutions in assessing SME creditworthiness?

Section G: Consent

28. Do you consent to participate in this research, understanding that your responses are confidential?
(| Yes
(| No

Thank You for Your Participation. Your contribution is vital in shaping better credit assessment
models for SMEs.
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