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Abstract 

Access to formal credit remains uneven across emerging economies, particularly for individuals, 

microenterprises, informal workers, young borrowers, rural households, and other applicants with 

limited conventional credit histories. Traditional underwriting systems frequently depend on 

documented income, collateral, bank relationships, and established credit-bureau records, creating 

informational disadvantages for otherwise potentially creditworthy borrowers whose economic activity 

is insufficiently represented in formal financial databases. Algorithmic credit assessment offers an 

alternative approach by combining machine-learning techniques with transaction records, digital-

payment histories, cash-flow patterns, mobile and platform-generated information, and other permissible 

data to estimate repayment capacity and credit risk. This study examines the relationship between 

algorithmic credit assessment and financial inclusion while emphasizing that greater predictive 

capability does not automatically produce equitable inclusion. A conceptual-methodological and 

simulation-based design is adopted because no original borrower-level dataset was supplied. Six 

hundred synthetic credit-assessment profiles were distributed across low, moderate, and high 

responsible-algorithm conditions.  

 The proposed framework incorporates alternative transaction data, digital-payment history, cash-

flow and income signals, identity and fraud indicators, and fairness and explainability safeguards. The 

simulated Financial Inclusion Readiness Index increased from 47.6 under low responsible-algorithm 

conditions to 67.1 under moderate conditions and 83.3 under high conditions. These scores are 

theoretical model outputs and are not presented as real borrower outcomes. The study argues that 

algorithmic underwriting can expand credit visibility for thin-file and previously excluded applicants, 

but its contribution to financial inclusion depends on data relevance, consumer permission, model 

validation, fairness monitoring, explainable adverse decisions, cybersecurity, and safeguards against 

unsuitable or excessive lending. The central contribution of the paper is a responsible-inclusion 

framework that treats algorithmic accuracy, borrower access, consumer protection, and model 

accountability as complementary rather than competing objectives. 
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1. Introduction 

Financial inclusion extends beyond possession of a financial account; it concerns meaningful access to 

and use of payments, savings, borrowing, and other financial services capable of supporting household 

and enterprise resilience. The World Bank's Global Findex 2025, based on nationally representative 

surveys of approximately 148,000 adults across 141 economies, continues to document differences in 

access to digital and financial services, including gaps affecting women and poorer adults. These 

inequalities are especially relevant to credit markets because conventional lending systems frequently 

require formal financial histories that many economically active individuals and small businesses do not 

possess. 

 Traditional credit assessment reduces information asymmetry by evaluating repayment history, 

income, leverage, collateral, and other established financial indicators. The approach works 

comparatively well where comprehensive credit-reporting infrastructure and long-standing bank 

relationships are available, but it can perform less effectively for borrowers with thin or nonexistent 

credit files. Bazarbash argues that machine-learning-based FinTech credit can improve financial 

inclusion by drawing on nontraditional information to assess borrower history, collateral value, income 

prospects, and changing conditions. At the same time, he cautions that irrelevant data and discriminatory 

variables can generate new forms of digital exclusion. 

 Algorithmic credit assessment expands the information available to lenders. Bank-account 

transactions, utility and telecommunications payments, rental records, e-commerce behavior, mobile-

money activity, and other digitally generated indicators can reveal economic patterns that are invisible 

within conventional scoring files. The BIS notes that nontraditional information can improve default 

prediction for underserved borrowers whose standardized credit scores provide incomplete signals. 

Empirical evidence also supports this proposition: Berg and colleagues found that digital-footprint 

variables contained substantial information for default prediction, while Björkegren and Grissen showed 

that mobile-phone behavioral data could predict repayment among borrowers lacking conventional 

financial histories. 

 The inclusion potential is therefore considerable, but algorithmic underwriting introduces a 

policy tension. Alternative data can make previously invisible borrowers assessable, yet the same data 

can contain socioeconomic, geographic, demographic, behavioral, or technological proxies that 

reproduce existing inequalities. The World Bank's 2024 assessment of alternative credit data concludes 

that such information can improve visibility, approval rates, and access for underserved consumers while 

also creating risks involving discrimination, privacy, data quality, model opacity, and unequal outcomes. 

Emerging-economy regulators must therefore distinguish between more data and responsibly usable 

data. 

 The research gap addressed by this study lies in connecting algorithmic performance with the 

broader meaning of financial inclusion. Much research asks whether machine learning predicts default 

more accurately than conventional scores. A responsible inclusion perspective requires additional 

questions: Does the model identify genuinely creditworthy thin-file borrowers? Are applicants able to 

understand or challenge adverse outcomes? Are sensitive or inappropriate variables excluded? Does 

expanded approval result in affordable and sustainable credit rather than over-indebtedness? The present 

study integrates predictive information, digital financial behavior, borrower visibility, fairness, 

explainability, and governance within one conceptual framework. The analytical section uses explicitly 
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disclosed simulated data so that hypothetical model behavior is not misrepresented as empirical 

evidence. 

 

2. Objectives of the Study 

2.1 To Examine Algorithmic Credit Assessment as an Inclusion Mechanism 

The first objective is to examine how alternative data and machine-learning-based underwriting can 

increase the visibility of borrowers who lack sufficient conventional credit histories. The study focuses 

particularly on transaction patterns, digital-payment behavior, cash-flow information, and other 

observable indicators capable of supplementing traditional credit files. 

 

2.2 To Evaluate the Conditions for Responsible Financial Inclusion 

The second objective is to examine fairness, explainability, consumer permission, privacy, data quality, 

model robustness, and responsible lending as necessary conditions for inclusive algorithmic credit. The 

study rejects the assumption that increasing the number of approved borrowers is sufficient evidence of 

financial inclusion. 

 

2.3 To Develop a Testable Responsible Credit Framework 

The third objective is to construct a reproducible analytical framework linking algorithmic information 

quality and governance safeguards with financial-inclusion readiness. The framework is intended for 

subsequent testing with real lender, borrower, and repayment data in emerging economies. 

 

3. Review of Literature 

3.1 Alternative Data and the Credit-Visibility Problem 

A central barrier to credit access is the inability of lenders to distinguish low-risk borrowers from high-

risk borrowers when formal credit information is incomplete. This problem is particularly acute among 

first-time borrowers, informal workers, microentrepreneurs, and individuals whose economic lives are 

more visible through mobile or transaction platforms than through conventional banking records. 

 Berg, Burg, Gombović, and Puri demonstrated that relatively simple digital-footprint information 

could match much of the informational value of conventional credit-bureau scores and that digital 

information complemented rather than merely replaced traditional data. Their study consequently 

established an important foundation for understanding how FinTech lenders can assess applicants whose 

conventional financial information is limited. 

 Björkegren and Grissen provide particularly relevant evidence for emerging-economy contexts. 

Using mobile-phone behavior linked with repayment outcomes, they showed that behavioral signatures 

could identify repayment risk even among individuals who lacked sufficient traditional financial 

histories to be conventionally scored. Their evidence demonstrates why mobile-generated data can 

potentially reduce information barriers without requiring a borrower to possess years of formal credit 

activity. 

 Gambacorta, Huang, Qiu, and Wang similarly compared machine-learning and nontraditional-

data scoring with traditional credit models using transaction-level information from a Chinese FinTech 

firm. Their findings indicate that machine-learning and nontraditional information can improve the 
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prediction of losses and defaults, particularly during adverse credit conditions, although the comparative 

advantage narrows as conventional bank-customer history becomes longer. 

 

3.2 Digital Platforms and Financial Inclusion 

Algorithmic credit assessment does not operate independently from broader digital-finance 

infrastructure. Mobile-money services, payment platforms, e-commerce systems, and digital financial 

accounts generate transaction histories that can gradually make previously informal economic behavior 

measurable. 

 Agarwal and Assenova's cross-country research on mobile-money platforms shows how digitally 

generated data can function as a form of certification in institutional environments where conventional 

financial infrastructure is incomplete. Their study used data from 78 countries and found that mobile-

money platforms could facilitate access to formal credit by connecting previously excluded users with 

financial institutions. 

 The World Bank's 2024 alternative-data study similarly reports that financial institutions 

increasingly use nontraditional information for prescreening, underwriting, portfolio monitoring, and 

collections, and that open-banking and data-sharing frameworks can extend credit assessment to 

consumers, gig workers, and small businesses with limited conventional files. The report emphasizes, 

however, that data must be integrated through secure, permissioned, and appropriately regulated 

processes. 

 Algorithmic assessment therefore has its greatest inclusion potential when it transforms digital 

activity into credible financial visibility without requiring economically vulnerable applicants to 

surrender disproportionate control over their personal information. 

 

3.3 Bias, Explainability, and Responsible Lending 

Predictive accuracy cannot be the sole criterion for evaluating an algorithmic credit model. A model may 

produce strong aggregate performance while generating systematically poorer outcomes for groups that 

are underrepresented in training data or whose digital behavior differs for socioeconomic reasons. 

 The World Bank identifies data bias and discrimination as significant risks in alternative-data 

credit scoring and specifically recommends robust governance, secure permissioned data-sharing, 

attention to gender disparities, and risk-based restrictions on the types of information that may be used. 

 The BIS likewise identifies black-box mechanisms, algorithmic discrimination, privacy, and 

explainability as important challenges associated with AI in finance. These problems become 

particularly consequential in credit because an adverse prediction may directly influence an applicant's 

capacity to invest, smooth consumption, manage emergencies, or expand a small business. 

 Recent lending research also suggests that alternative information can improve access when 

conventional scores incorrectly classify borrowers. Di Maggio and Ratnadiwakara's 2026 study of 

“invisible primes” found that nontraditional variables helped identify lower-risk applicants who were 

rejected by traditional models. At the same time, emerging evidence on privacy regulation and 

anonymous loan screening illustrates that data governance and screening design can materially alter 

lending outcomes. 

. 
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4. Research Methodology 

4.1 Research Design 

This study employs a conceptual-methodological simulation design.No actual loan applications, credit-

bureau files, mobile-phone records, bank transactions, repayment histories, or personally identifiable 

borrower data were collected for this manuscript. 

 A synthetic analytical population of 600 credit-assessment profiles was generated and divided 

equally across three responsible-algorithm conditions: 

 Low Responsible-Algorithm Condition: 200 synthetic profiles Moderate Responsible-Algorithm 

Condition: 200 synthetic profiles High Responsible-Algorithm Condition: 200 synthetic profiles 

 

4.2 Operational Framework 

 

Table 1: Operational Structure of the Algorithmic Credit-Inclusion Model 

Construct Operational Interpretation 
Analytical 

Scale 

Expected 

Contribution 

Alternative 

Transaction Data 

Nontraditional but financially relevant 

records that supplement conventional 

credit files 

0–100 Positive 

Digital-Payment 

History 

Stability, frequency, continuity, and 

pattern of digitally recorded financial 

transactions 

0–100 Positive 

Cash-Flow and 

Income Signals 

Indicators of income continuity, business 

turnover, expenditure patterns, and 

repayment capacity 

0–100 Positive 

Identity, Fraud and 

Device Signals 

Legitimate signals used for verification, 

fraud detection, and account-security 

assessment 

0–100 Positive 

Fairness and 

Explainability 

Safeguards 

Bias testing, understandable decision 

logic, adverse-action explanation, model 

monitoring, and appeal mechanisms 

0–100 Positive 

Financial Inclusion 

Readiness Index 

Composite representation of responsible 

capacity to extend suitable credit to 

underserved borrowers 

0–100 Outcome 

 

Source: Author-developed framework informed by IMF, BIS, World Bank, and empirical FinTech credit 

research. 
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4.3 Simulation Procedure 

The model uses the following illustrative weighting structure: 

FIRI = 0.28(ATD) + 0.24(DPH) + 0.20(CFI) + 0.14(IFS) + 0.14(FES) + ε 

 where FIRI represents the Financial Inclusion Readiness Index, ATD represents Alternative 

Transaction Data, DPH represents Digital-Payment History, CFI represents Cash-Flow and Income 

Signals, IFS represents Identity/Fraud and Device Signals, FES represents Fairness and Explainability 

Safeguards, and ε represents controlled unmodeled variation. 

 The coefficients are theoretical simulation weights and must not be interpreted as empirical 

regression coefficients. 

 The weighting structure intentionally reserves part of the model for fairness and explainability 

rather than treating governance as an external compliance issue. This design reflects the study's central 

premise that a credit model cannot be considered inclusively effective merely because it predicts 

repayment accurately. 

 

5. Analysis 

5.1 Algorithmic Assessment Across Responsible-Inclusion Conditions 

The simulation produced progressively stronger Financial Inclusion Readiness Index values as both 

information quality and governance safeguards increased. 

 

Table 2: Simulated Algorithmic Credit and Financial-Inclusion Outcomes 

Analytical Indicator Low Condition Moderate Condition High Condition 

Alternative Transaction Data 47.0 66.9 84.4 

Digital-Payment History 45.9 66.1 82.4 

Cash-Flow and Income Signals 49.9 68.2 82.5 

Identity/Fraud and Device Signals 55.3 71.2 86.2 

Fairness and Explainability 43.2 63.4 81.2 

Financial Inclusion Readiness Index 47.6 67.1 83.3 

 

Note: Values are synthetic simulation outputs on a 0–100 scale. They are not observed borrower scores, 

approval rates, or measured financial-inclusion outcomes. 

 The modeled index increased by 19.5 points between the low and moderate conditions and by an 

additional 16.2 points between the moderate and high conditions. The total difference between the low 

and high conditions was 35.7 points. 

 The pattern should be interpreted as evidence of internal model consistency rather than a 

prediction that deploying an algorithm will produce an equivalent real-world improvement. 
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5.2 Pie-Graph Analysis of the Credit-Assessment Framework 

 

Figure 1. Illustrative Composition of the Algorithmic Credit Assessment Framework 

 
The analytical framework assigns 28% of its illustrative composition to alternative transaction data, 24% 

to digital-payment history, 20% to cash-flow and income indicators, 14% to identity/fraud and device 

signals, and 14% to fairness and explainability safeguards. 

 The pie graph deliberately prevents the framework from becoming a purely data-maximization 

model. Eighty-six percent of the composition concerns information supporting assessment and 

verification, while 14% is explicitly reserved for safeguards that determine whether greater predictive 

capability translates into responsible financial inclusion. 

 

5.3 Credit Visibility Versus Credit Expansion 

One of the most important distinctions emerging from the analysis is the difference between making a 

borrower visible and automatically approving a borrower. 

 Alternative data should improve the information available for credit assessment; it should not 

create an expectation that every previously unscored applicant must receive a loan. 

 A previously invisible borrower may become assessable and be identified as low risk, moderate 

risk, or genuinely high risk. Financial inclusion is improved when a lender can distinguish these cases 

more accurately and offer suitable products where justified. 

 This distinction is consistent with evidence showing that alternative-data models can identify 

creditworthy applicants overlooked by conventional scoring while still preserving risk-based 

underwriting. 

 

6. Discussion 

6.1 Algorithmic Credit Can Reduce Information Exclusion. 

A conventional credit system may interpret the absence of a formal history as uncertainty. For a 

borrower, however, absence of a formal history is not equivalent to absence of repayment capacity. 
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A rural entrepreneur may transact through an e-commerce or mobile-money platform without 

maintaining a long-standing conventional bank-credit relationship. 

 Algorithmic models can potentially convert such information into measurable indicators of 

economic behavior. BIS research from China and World Bank research on mobile-phone behavior 

provide empirical support for the predictive value of such nontraditional information. 

 The potential impact is especially relevant in emerging markets, where mobile-money and digital 

platforms can partially fill institutional gaps in conventional financial infrastructure. Agarwal and 

Assenova show that data-based certification through mobile-money platforms can support connections 

between previously excluded users and formal credit providers. 

 

6.2 More Predictive Data Do Not Automatically Mean Fairer Credit 

The second major implication is that algorithmic accuracy and fairness are related but distinct 

objectives. 

 An algorithm can be mathematically accurate at the portfolio level while remaining problematic 

if some variables operate as proxies for protected or economically disadvantaged characteristics. 

Geolocation, device quality, education, language, purchasing patterns, social networks, and digital 

engagement can contain predictive information, but their use requires careful assessment of relevance, 

proportionality, legality, and potential disparate effects. 

 The World Bank consequently recommends robust legal frameworks, restrictions on 

inappropriate data, consumer-permissioned sharing, gender-sensitive practices, and ongoing governance 

of machine-learning applications in credit scoring. 

Explainability is equally important. 

 Borrowers denied credit should not face an incomprehensible conclusion generated by a black-

box system. Institutions need procedures through which material reasons for adverse decisions can be 

communicated and incorrect underlying information can be challenged. 

 The regulatory goal should therefore be accountable automation, not automation without human 

or institutional responsibility. 

 Recent evidence also shows that screening design can alter disparities. Kabir and Ruan's research 

on anonymous online loan applications found that removing identity cues reduced racial disparities in 

lending offers in their study setting, illustrating the importance of examining how the information 

available to decision systems affects distributive outcomes. 

 

6.3 From Financial Access to Responsible Financial Inclusion 

Increasing loan approvals is not necessarily synonymous with improving financial inclusion. 

 Credit can support investment, emergency liquidity, working capital, entrepreneurship, 

consumption smoothing, and household resilience, but unsuitable debt can also increase financial 

vulnerability. Rapid expansion of technology-enabled credit therefore requires attention to affordability, 

repayment capacity, repeat borrowing, loan stacking, collections practices, and over-indebtedness. BIS 

research on FinTech and big-tech credit has similarly emphasized that the expansion of alternative 

lending can create both inclusion opportunities and financial-stability or borrower-level risks. 

 Its broader performance should include whether previously excluded but creditworthy applicants 

receive access, whether default risk remains appropriately controlled, whether pricing is fair, whether 
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decisions are explainable, whether data collection is proportionate, whether vulnerable groups 

experience systematic disadvantages, and whether borrowers retain meaningful recourse. 

 Privacy is not necessarily the enemy of innovation. Doerr and colleagues' recent research 

indicates that appropriately structured privacy regulation can coexist with stronger FinTech screening 

and potentially support financial inclusion by improving consumer control and the conditions under 

which data are shared. 

For emerging economies, policy therefore needs a balanced architecture combining digital infrastructure, 

credit-information development, innovation testing, data-protection rules, model-risk governance, 

consumer education, supervision, complaint mechanisms, and meaningful competition. 

  principal limitation of the present study is that its numerical analysis is synthetic. Emerging 

economies also differ substantially in financial infrastructure, data-protection law, credit-reporting 

coverage, mobile connectivity, informal-sector size, gender inequality, digital literacy, and supervisory 

capacity. Future empirical studies should therefore test the model at country level rather than assuming 

uniform effects across heterogeneous markets. 

 

7. Conclusion 

Algorithmic credit assessment has significant potential to broaden financial inclusion in emerging 

economies by addressing one of the persistent limitations of traditional lending: insufficient information 

about borrowers whose economic activity is poorly represented in formal credit histories. 

 Alternative transaction data, digital-payment records, cash-flow information, mobile and 

platform signals, and machine-learning techniques can make thin-file borrowers more visible to lenders. 

Existing empirical research demonstrates that nontraditional data can add substantial predictive 

information and, in some contexts, identify creditworthy individuals overlooked by traditional scoring 

systems. 

 A responsible algorithm should improve the distinction between borrowers who can sustainably 

manage credit and those for whom additional debt may create unacceptable risk. 

The simulation developed in this study generated Financial Inclusion Readiness Index values of 47.6, 

67.1, and 83.3 across low, moderate, and high responsible-algorithm conditions. These values are 

methodological outputs and not empirical estimates. 

 The most important contribution of the model lies in its structure. It integrates alternative 

transaction information, digital-payment behavior, cash-flow indicators, identity and fraud controls, and 

fairness and explainability within a single responsible-inclusion framework.For financial institutions, the 

implication is that machine learning should supplement rather than blindly replace sound credit 

judgment and governance. 

 For regulators, innovation should be supported alongside privacy, fairness, explainability, model 

validation, consumer redress, and protection against unsuitable lending.For researchers, future work 

should move beyond asking whether algorithmic models improve predictive accuracy and instead 

investigate whether they deliver durable, equitable, affordable, and responsible access to credit. 

 Algorithmic credit assessment can contribute meaningfully to financial inclusion when it makes 

underserved borrowers more accurately understood—not when it simply makes them more intensely 

measured. 
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