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Abstract: Consumer-finance providers increasingly rely on AI-driven 

decisioning to determine eligibility and terms for applicants who fall outside 

conventional credit scoring — a population that overlaps closely with the 

financially underserved segments long studied in microfinance and financial-

inclusion research. This paper proposes a conceptual framework for 

evaluating such decisioning systems along three dimensions: the speed and 

accessibility gains they offer applicants with thin or no credit files, the 

portfolio-risk trade-offs they introduce for lenders, and the responsible-AI 

safeguards — explainability, human oversight, and fairness monitoring — 

needed to keep faster decisioning from compounding existing inequities. 

Drawing on over two decades of practitioner experience designing and 

operating large-scale decisioning and risk systems in regulated financial-

services environments, the paper argues that lessons from enterprise-grade 

alternative-credit decisioning are directly transferable to financial-inclusion 

technology efforts in other markets, provided that governance keeps pace with 

automation. Rather than presenting new empirical results, the paper 

synthesizes practitioner experience with the existing financial-inclusion and 

responsible-AI literature into a framework intended to guide practitioners and 

future empirical researchers evaluating automated credit-decisioning systems 

for underserved populations. 

 

Keywords: AI-driven credit decisioning; Financial inclusion; Alternative 

credit scoring; Responsible AI; Explainability; Credit risk management; 

Underserved populations; Algorithmic fairness. 
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Introduction  

 

Consumers without much or any credit history are still denied access to consumer credit. Credit 

scoring systems depend on past borrowing experience which may be detrimental to financially 

disadvantaged consumers. Automated decisioning can serve as a solution through evaluation 

of a wide variety of data sets and faster decisions. This approach is supposed to increase access 

to credit as well as help lenders cope with high volumes of applications. Fast decisions, 

however, are not necessarily more ethical or responsible. AI brings yet another set of problems 

related to model transparency, discrimination, data quality, and accountability. While 

alternative data can increase access to credit, improper variables may exacerbate current social 

and economic disparities. Thus, there is a need for a compromise between quick decision 

making and responsibility. The purpose of this paper is to develop a framework for assessing 

the use of automated alternative-credit decision making systems based on three criteria: 

speed/accessibility of the decisions made, portfolio risk management, and responsible AI 

governance. Based on the practical experience of decision makers as well as the financial 

inclusion literature, the paper considers the ways in which decisioning practices could guide 

the development of the technology in underserved markets. This paper does not add any new 

empirical results. Rather, it focuses on factors that should be considered by 

practitioners/researchers when assessing automated credit decisions. 

 

Methods 

 
This paper adopts a conceptual research methodology to develop a framework for evaluating 

automated alternative-consumer-credit decisioning. Rather than conducting experiments with 

participants or financial datasets, the study synthesises practitioner experience and existing 

literature on financial inclusion, credit risk management, automated decisioning, and 

responsible artificial intelligence. The methodological approach focuses on identifying 

recurring operational challenges and organising them into three analytical dimensions: decision 

speed and accessibility, portfolio-risk management, and responsible-AI governance (Chopra, 

2020). The first dimension examines how automated systems may reduce application 

processing times and expand assessments for applicants with limited conventional credit 

histories. The second considers potential trade-offs involving lending accuracy, default risk, 

portfolio performance, and operational efficiency. The third evaluates safeguards, including 

model explainability, human oversight, fairness monitoring, data governance, and 

accountability. Practitioner experience from regulated financial-services environments 

provides operational context for interpreting these dimensions. Existing research on financial 

inclusion and responsible AI informs the conceptual relationships between technological 

capabilities, lending outcomes, and governance requirements. The framework is developed 

through thematic synthesis, comparing the potential benefits of automation with its associated 

risks and control requirements. No primary dataset, experimental intervention, statistical 

model, or quantitative performance evaluation was used. Consequently, the paper does not 

claim empirical validation or causal relationships between automated decisioning and improved 

financial inclusion (Holland et al. 2020). Instead, it establishes a structured basis for evaluating 

alternative-credit decisioning systems and identifying questions for future empirical 

investigation. Future studies could apply the framework to lending datasets, compare 
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processing times and default outcomes, assess subgroup fairness, and evaluate whether 

governance interventions improve transparency and accountability. This approach provides a 

practical foundation for examining how automated credit decisioning can balance accessibility, 

efficiency, portfolio resilience, and responsible AI practices.  

 

Dataset used  

ID Framework 

component 

Speed 

score 

(S) 

Access 

score 

(A) 

Risk 

control 

score (R) 

Accountability 

score (C) 

Component 

mean 

1 Automated 

decisioning 

90 75 65 55 71.25 

2 Alternative data 

assessment 

80 90 70 60 75.00 

3 Portfolio risk 

management 

70 75 95 80 80.00 

4 Explainable AI 75 80 85 95 83.75 

5 Human 

oversight 

60 70 90 95 78.75 

6 Fairness 

monitoring 

65 85 90 90 82.50 

7 Integrated 

framework 

85 90 95 95 91.25 

 

Results 

 
Decision Speed and Application Accessibility 

Automated credit evaluation could lead to a faster processing time for applications and greater 

accessibility to people with a sparse credit history. Speedier evaluations could result in 

decreased administration time and greater application capacity for lenders. However, the 

realization of these benefits will depend on the availability of data and efficiency of the process. 

Since this paper offers a theoretical model and not empirical analysis, the following is a 

numerical example. 
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Figure 1: Comparison of Illustrative Credit-Decision Processing Times 

 

Processing indicator Traditio

nal 

process 

Automated 

process 

Time saved Improvement 

(%) 

Application assessment 48 12 36 75 

Initial eligibility screening 24 6 18 75 

Data verification 16 4 12 75 

Decision communication 8 2 6 75 

Table 1: Comparison of Illustrative Credit-Decision Processing Times 

 

This table provides comparative processing times in an exemplary manner for conventional and 

automated decision-making processes in credit decisions. The process times included are those 

related to evaluation of the application, eligibility, verification of data, and communication of 

the decision. These samples reveal that there is a 75% saving in the process times for all four 

functions. Automated credit-decision-making processes can help in improving the speed of 

decision-making through simplifying and automation of routine activities as well as processing 

of application details effectively (Kowsar et al. 2023). However, these are examples and not 

research results. 

 

Alternative Data for Thin-File and Credit-Invisible Applicants 

This form of data could assist lenders in evaluating applicants with little to no past credit 

history. Data such as transaction history, utilities, rent and income information could serve as 

other measures of the ability to repay. The following table shows hypothetical scoring numbers 

for comparison purposes. These numbers are for illustration only. 
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Figure 2: Comparative Assessment of Alternative Data Sources for Credit-Invisible 

Applicants 

 

Alternative data 

source 

Assessment 

relevance (%) 

Data 

accessibility 

(%) 

Repayment 

insight (%) 

Privacy 

risk (%) 

Bank transaction 

records 

90 85 88 55 

Utility payment 

history 

78 70 75 35 

Rental payment 

records 

82 65 80 40 

Verified income 

patterns 

88 80 86 45 

Digital payment 

history 

80 75 78 50 

Table 2: Illustrative Assessment of Alternative Data Sources for Credit-Invisible 

Applicants 

 

The following example scores imply that bank transaction history holds the greatest relevance 

to the assessment process (90%) and repayment (88%). The income verifications show good 

prospects with their scores of 88% and 86%, respectively. The rental payment history provides 

relevant repayment data but with low data access score (65%). The utility payment history 

possesses the lowest privacy risk score (35%). Thus, the examples imply that using a 

combination of alternative data sources could be helpful in evaluating credit applications by 

individuals lacking a credit history (Hohnen et al. 2021). 

 

Portfolio Risk and Lending Performance Trade-offs 

Credit decisions through automation have the potential to enhance lending opportunities while 

posing some threats pertaining to default and repayments. The lenders have to weigh the issues 
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of approval ratios, quality of loan portfolio, and financial gains expected. The table below 

shows an example of comparisons made for different lending scenarios. 

 
Figure 3: Comparison of Lending Approval, Default Risk, Cost Efficiency, and Portfolio 

Returns 

 

Lending strategy Approval 

rate (%) 

Default 

rate (%) 

Operating cost 

reduction (%) 

Portfolio 

return (%) 

Traditional credit 

assessment 

45 4 5 8 

Automated traditional-

data assessment 

60 5 20 10 

Automated alternative-

data assessment 

75 7 30 11 

Automated assessment 

with risk controls 

68 4 25 12 

Human-reviewed 

automated assessment 

65 3 18 11 

Table 3: Illustrative Comparison of Portfolio Risk and Lending Performance 

 

The table below shows comparisons between the five borrowing schemes based on approval 

rates, default rates, cost savings from operations, and investment returns for the lender's 

portfolio. Credit evaluation traditionally used in assessing clients is characterized by a lower 

approval rate of 45% and a default rate of 4%. Automated credit evaluation through alternative 

data boosts the approval rate to 75%, but the default rate also grows to 7%, illustrating the risks 

of expanding lending operations without necessary controls. When risk management measures 

are applied during the automated evaluation, the default rate lowers to 4% while still 

maintaining an approval rate of 68%. Human evaluation of the automated assessment brings 

the default rate down to 3%. It is noted that the figures are purely theoretical and need empirical 

evidence (Clark et al. 2021).  
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Explainability and Transparency in Automated Decisions 

Explainability makes it possible for lenders to get insight into how automated decision systems 

come up with their lending decisions. Transparent decision systems determine the variables 

that affect approval, rejection, and conditions of loans. Good explanation may make it easier 

for borrowers to comprehend the decision and correct incorrect data. The table below gives 

some score examples of explainability vs. transparency criteria. 

 

 
Figure 4: Comparison of Explainability and Transparency Across Credit Decisioning 

Approaches 

 

Transparency 

indicator 

Traditional 

assessment (%) 

Automated 

assessment (%) 

Explainable AI 

assessment (%) 

Improvement 

(%) 

Decision rationale 

clarity 

60 50 90 30 

Applicant explanation 

quality 

55 45 85 30 

Decision traceability 65 70 95 30 

Error identification 

capability 

60 65 90 30 

Audit documentation 

completeness 

70 75 95 25 

Table 4: Illustrative Assessment of Explainability and Transparency in Automated 

Credit Decisions 

 

Table provides comparison between traditional evaluation process, automated evaluation and 

explainable artificial intelligence in terms of five dimensions of transparency. In terms of scores 

used for illustration purposes, explainable AI seems to be superior regarding decision 

reasoning, quality of explanations from applicants and decision traceability (Lainez & Gardner, 

2023). Completeness of audit documentation has reached 95% in case of explainable AI which 
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proves necessity of systematic recording of all decisions made. Explaining decisions will help 

lenders detect any mistakes and check potentially unfair decisions made as well as 

communicating them to applicants. Still transparency does not imply fairness or accuracy of 

decisions. 

 

Human Oversight and Decision Accountability 

The presence of human oversight facilitates the auditability and accountability of the automated 

credit decisions. There is room for human reviewers to inspect applications that raise concerns 

and disputed decisions as well as errors. The following table outlines some sample score for 

oversight practices. These numbers are not based on any empirical results. 

 

 
Figure 5: Comparison of Human Oversight and Accountability Practices in Automated 

Credit Decisioning 

 

Oversight indicator Fully 

automated (%) 

Human-

supervised (%) 

Improvement 

(%) 

Review 

priority (%) 

Decision review 

coverage 

40 85 45 90 

Error correction 

capability 

55 90 35 95 

Accountability clarity 50 90 40 95 

Disputed decision 

handling 

45 85 40 90 

Audit documentation 70 95 25 85 

Table 5: Illustrative Assessment of Human Oversight and Accountability in Automated 

Credit Decisioning 

 

The chart contrasts automated credit decisioning against human-assisted credit decisioning 

along five oversight criteria. The sample scores indicate that human assistance raises review 
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coverage from 40% to 85%. The error correction capacity goes up from 55% to 90%, whereas 

accountability goes up from 50% to 90%. These are some examples of how human assistance 

could be valuable in detecting errors and resolving disputed decisions. Nevertheless, good 

oversight depends on skilled reviewers, clear process documentation, and sufficient authority 

to dispute automated decisions. These scores are arbitrary and must be validated through 

empirical research. 

 

Algorithmic Fairness and Bias Monitoring 

Algorithmic fairness is very important in the context of automated credit models that evaluate 

candidates from diverse demographic and socio-economic backgrounds. Inaccurate and 

imbalanced training data or the inclusion of inappropriate features could result in 

discriminatory results. Monitoring can assist in determining any discrepancies in acceptance, 

rejection, and prediction errors. The table below shows some hypothetical measures. 

 

 
Figure 6: Comparison of Illustrative Fairness Indicators Before and After Bias 

Monitoring 

 

Fairness 

indicator 

Before 

monitoring 

(%) 

After 

monitoring 

(%) 

Improvemen

t (%) 

Monitoring 

priority (%) 

Approval-rate 

disparity 

20 10 50 95 

False rejection 

disparity 

18 9 50 90 

Data 

representation 

gaps 

25 12 52 90 

Bias detection 

coverage 

45 85 40 95 
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Fairness audit 

coverage 

40 90 50 95 

Table 6: Illustrative Assessment of Algorithmic Fairness and Bias Monitoring in Credit 

Decisioning 

 

The table shows how monitoring for fairness may be useful in determining and correcting any 

differences in the decisions made by automated lending models. The difference in the 

hypothetical approval rate declines from 20 percent to 10 percent, whereas the difference in 

false rejection becomes 9 percent from 18 percent. There is an increase in the coverage of bias 

detection from 45 percent to 85 percent. Such regular audits will assist the lender in analyzing 

data quality, results for different groups, and any discrimination (Parasa, 2020). However, it 

does not necessarily guarantee fairness since other factors need to be considered as well.  

 

Integrated Framework for Responsible Alternative-Credit Decisioning 

A comprehensive framework includes automated decisioning, alternative data, portfolio risk 

management, explainable AI, human-in-the-loop, and fairness. Such elements will assist in 

achieving a balance between decisioning speed, financial inclusion, risk management, and 

accountability on the part of lenders (Kumar et al. 2021). The following table provides sample 

scoring to evaluate the impact of each element in four different dimensions. The equation 

computes the score by equally weighting all four dimensions. 

 

The integrated framework achieves illustrative scores of 85% for speed, 90% for access, 95% 

for risk control, and 95% for accountability. Its overall score is 91.25%, calculated using the 

formula below. 

 

Framework 

component 

Speed score 

(%) 

Access 

score (%) 

Risk-control 

score (%) 

Accountability 

score (%) 

Automated 

decisioning 

90 75 65 55 

Alternative data 

assessment 

80 90 70 60 

Portfolio risk 

management 

70 75 95 80 

Explainable AI 75 80 85 95 

Human oversight 60 70 90 95 

Fairness monitoring 65 85 90 90 

Integrated framework 85 90 95 95 

Table 7: Integrated Numerical Framework for Responsible Alternative-Credit 

Decisioning 

 

𝐼𝐹𝑆 =
𝑆 + 𝐴 + 𝑅 + 𝐶

4
 

𝐼𝐹𝑆 =
85 + 90 + 95 + 95

4
=
365

4
= 91.25% 
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The Index of Functional Stability (IFS) is 91.25%, representing the average of the four 

component scores. This interpretation is valid if all components are equally weighted. These 

hypothetical values demonstrate how the framework can combine operational efficiency with 

responsible lending safeguards. They are not empirical findings and require validation using 

real-world data. 

 

Discussion 

 
Portfolio risk management is still crucial when alternative data plays a role in lending decisions. 

Information such as transactional history, rental payments, utility bills, and income validation 

might give additional information regarding repayment ability. However, data quality, 

availability, and appropriateness might differ for each applicant. The wrong choice of variables 

could lead to mistakes and/or discriminatory practices. For this reason, alternative data needs 

to be validated by appropriate repayment metrics while regularly monitoring the portfolio 

performance (Veltri et al. 2023). Explanation and transparency promote responsible 

automation. Each applicant needs to get clear explanations for approval, refusal, or changing 

lending terms. Oversight of human decision-making is also necessary in the case of disputes, 

unusual applications, and possible modelling mistakes. Fairness analysis should focus on 

examining differences between approval rates, patterns of rejections, and mistakes in the 

predictions made among relevant applicant segments. Auditing may reveal possible biases and 

help correct them. But fairness measures will not be sufficient to determine the fairness of a 

lending system by themselves. Compliance with laws, model accuracy, data security, and 

proper human involvement are required for proper implementation (Guegan & Hassani, 2018). 

The outlined framework combines automation and alternative data with risk management, 

explainability, human involvement, and fairness analysis. The presented scores illustrate the 

structure of this framework but do not serve as a measure of its efficiency. Real-world studies 

based on actual lending data are required to confirm these relationships and evaluate the balance 

of trade-offs. 

 

Conclusion 

 
There are possibilities of improving speed, accessibility, and efficiency in the area of alternative 

consumer credit through automated decisioning. Alternative data may be used by the lenders 

to evaluate consumers who lack any traditional credit history. But there needs to be a balance 

between accessibility and portfolio risk management, explainability, human-in-the-loop, and 

algorithmic fairness. The framework presented in this paper takes all these factors into 

consideration within the context of responsible credit decisioning process. The scores provided 

in the framework for illustration purposes only reflect the structure of the framework and not 

its effectiveness.  

  



 
Kunal Arya 

                                          Enterprise Development & Microfinance Vol. 33 No. 4  

 

References  

 
Chopra, S. (2020). Current regulatory challenges in consumer credit scoring using alternative 

data-driven methodologies. Vand. J. Ent. & Tech. L., 23, 625.    

https://scholarship.law.vanderbilt.edu/cgi/viewcontent.cgi?article=1044&context=jetlaw  

Holland, S., Hosny, A., Newman, S., Joseph, J., & Chmielinski, K. (2020). The dataset nutrition 

label. Data protection and privacy, 12(12), 1.    https://arxiv.org/pdf/1805.03677  

Kowsar, M. M., Mohiuddin, M., & Mohna, H. A. (2023). Credit decision automation in 

commercial banks: a review of AI and predictive analytics in loan assessment. American 

Journal of Interdisciplinary Studies, 4(04), 01-26.    

https://ajisresearch.com/index.php/ajis/article/download/22/23  

Hohnen, P., Ulfstjerne, M. A., & Krabbe, M. (2021). Assessing creditworthiness in the age of 

big data: A comparative study of credit score systems in Denmark and the US. Journal of 

Extreme Anthropology, 5(1), 29-55.    

https://pure.mpg.de/rest/items/item_3329449/component/file_3506258/content  

Clark, E., August, T., Serrano, S., Haduong, N., Gururangan, S., & Smith, N. A. (2021, August). 

All that’s ‘human’is not gold: Evaluating human evaluation of generated text. In Proceedings 

of the 59th Annual Meeting of the Association for Computational Linguistics and the 11th 

International Joint Conference on Natural Language Processing (Volume 1: Long Papers) (pp. 

7282-7296).    https://aclanthology.org/2021.acl-long.565.pdf  

Lainez, N., & Gardner, J. (2023). Algorithmic credit scoring in Vietnam: a legal proposal for 

maximizing benefits and minimizing risks. Asian journal of law and society, 10(3), 401-432.    

https://www.cambridge.org/core/services/aop-cambridge-

core/content/view/332A14670E7C75746E1A3F9B6AD09E4F/S2052901523000062a.pdf/alg

orithmic-credit-scoring-in-vietnam-a-legal-proposal-for-maximizing-benefits-and-

minimizing-risks.pdf  

Parasa, M. (2020). Control-Mapped AI Governance for High-Risk HR Decisions in SAP 

Success Factors: Audit-Ready Metrics for Recruiting, Performance Calibration, and Internal 

Mobility. SAMRIDDHI: A Journal of Physical Sciences, Engineering and Technology, 12(02), 

153-168.    https://smsjournals.com/index.php/SAMRIDDHI/article/download/3502/1804  

Kumar, A., Sharma, S., & Mahdavi, M. (2021). Machine learning (Ml) technologies for digital 

credit scoring in rural finance: a literature review. Risks, 9(11), 192.    

https://www.mdpi.com/2227-9091/9/11/192   

Veltri, S., Bruni, M. E., Iazzolino, G., Morea, D., & Baldissarro, G. (2023). Do ESG factors 

improve utilities corporate efficiency and reduce the risk perceived by credit lending 

institutions? An empirical analysis. Utilities Policy, 81, 101520.    

https://www.sciencedirect.com/science/article/pii/S0957178723000322     

Guegan, D., & Hassani, B. (2018). Regulatory learning: How to supervise machine learning 

models? An application to credit scoring. The Journal of Finance and Data Science, 4(3), 157-

171.    https://www.sciencedirect.com/science/article/pii/S2405918817300648  

https://scholarship.law.vanderbilt.edu/cgi/viewcontent.cgi?article=1044&context=jetlaw
https://arxiv.org/pdf/1805.03677
https://ajisresearch.com/index.php/ajis/article/download/22/23
https://pure.mpg.de/rest/items/item_3329449/component/file_3506258/content
https://aclanthology.org/2021.acl-long.565.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/332A14670E7C75746E1A3F9B6AD09E4F/S2052901523000062a.pdf/algorithmic-credit-scoring-in-vietnam-a-legal-proposal-for-maximizing-benefits-and-minimizing-risks.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/332A14670E7C75746E1A3F9B6AD09E4F/S2052901523000062a.pdf/algorithmic-credit-scoring-in-vietnam-a-legal-proposal-for-maximizing-benefits-and-minimizing-risks.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/332A14670E7C75746E1A3F9B6AD09E4F/S2052901523000062a.pdf/algorithmic-credit-scoring-in-vietnam-a-legal-proposal-for-maximizing-benefits-and-minimizing-risks.pdf
https://www.cambridge.org/core/services/aop-cambridge-core/content/view/332A14670E7C75746E1A3F9B6AD09E4F/S2052901523000062a.pdf/algorithmic-credit-scoring-in-vietnam-a-legal-proposal-for-maximizing-benefits-and-minimizing-risks.pdf
https://smsjournals.com/index.php/SAMRIDDHI/article/download/3502/1804
https://www.mdpi.com/2227-9091/9/11/192
https://www.sciencedirect.com/science/article/pii/S0957178723000322
https://www.sciencedirect.com/science/article/pii/S2405918817300648

