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Credit invisibility is a major challenge to financial inclusion, particularly for blue-collar migrant workers who have regular but
non-registered income. These groups are excluded by traditional credit-scoring systems, which rely on bank records. This paper
examines the potential of linking machine learning models that are developed using alternative data to enhance accuracy and fair-
ness in credit assessment among migrant workers. The synthetic dataset consisted of 10,000 profiles, with a rough 70:30 ratio of
approved to rejected applicants, and included demographic, financial and behavioral variables, while respecting the privacy of the
applicants. The four supervised learning models were trained and assessed by precision, recall, F1-score and AUC-ROC. Fairness
was measured by Demographic Parity Difference and Equalized Odds Difference, with a cutoff of 0.05 for the parity differences.
Within the synthetic dataset, all models had good predictive performance with Logistic Regression achieving an F1 score of 0.98.
The results presented here are for synthetic data generation and do not constitute evidence of predictive validity in the real world.
The Random Forest model had a remarkably low recall (0.64), which may be due to its sensitivity to class imbalance. In the
simulated data, the most important behavioral variables were consistently paying utility bills and the frequency of mobile top up.
There were minimal differences found between the nationality groups in terms of fairness indicators, which was not surprising as
they are constructed in a fair manner but do not reflect actual fairness in the real world. The findings indicate that alternative data
machine learning models have potential to be further explored as an avenue to expand credit access, provided for practical testing.
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Introduction

Formal credit plays a crucial role in economic activity and en-
ables people to invest in education, housing, health care and
entrepreneurship. These investments help to become more fi-
nancially stable personally and enhance the development of
the whole economy L2 Nevertheless, credit access has been
unequally spread, especially in the developing economies as
well as among people who are in informal or non-permanent
jobs like the migrant workers. Conventional credit-scoring
models are based on official financial documents such as bank
account history, credit card usage, and loan repayment pat-
terns, which are systematically discriminating against people
who do not have a banking history?. This has resulted in
many parts of the world population being rendered invisible
in credit.

The key issue that the present paper will address is that of
excluding migrant workers by formal credit systems since they
do not have the traditional financial records yet they can have
a steady income and a steady financial behavior. Traditional
credit-scoring models do not capture a significant portion of
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migrant workers who rely on remittances, cash or informal fi-
nancial systems. This marginalization denies them access to
cheap credit and curtails chances of economic mobility. It is
necessary to address this gap in order to decrease inequality
and increase financial inclusion, especially in areas where in-
formal lending is the norm and consumer protection is scarce.
This research will contribute to the nascent field of Al-driven
financial inclusion by examining the possibility of being as-
sociated with improved financial inclusion for under-served
populations using alternative data. The goal of this study is
to provide an example of a more comprehensive approach
to measuring creditworthiness, while avoiding loss of predic-
tive power or unfairness in the measurement, by using non-
traditional measures such as utility payment patterns, mobile
phone use, and employment stability. The practical implica-
tions of the findings are in terms of the financial institutions,
policymakers and the fintech providers who want to develop
responsible and inclusive lending systems. The technical con-
tribution of this study is empirical and exploratory; it investi-
gates the potential of alternative-data machine learning models
to predict well, be fair, and be explainable in a controlled en-
vironment of synthetic data. The credit approval problem is a
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binary classification problem (0 = rejected, 1 = approved).

The goals of the study are: to evaluate the predictive ac-
curacy of machine-learning models for predicting creditwor-
thiness from conventional and non-conventional data, by de-
mographic group, while taking nationality as a protected at-
tribute; to assess and compare the fairness of models by demo-
graphic group; and to make sure that the predictions made by
the models are transparent and explainable to institutions and
applicants. The goals are translated into three hypotheses that
can be tested. H1: The machine learning models trained on
the alternative and traditional data can obtain a high predictive
ability on the synthetic data (F1 score > 0.90, AUC-ROC >
0.90). H2: The low disparity of fairness between nationality
groups (Demographic Parity Difference and Equalized Odds
Difference are both below 0.05) is possible with these mod-
els without using post-processing debiasing. H3: With proper
data preparation, simpler models such as Logistic Regression
can be as effective or more effective compared to ensemble
methods.

This research is concerned with the creation and assessment
of credit-scoring models on a synthetically created dataset that
is aimed at replicating real-world demographic, financial and
behavioral trends. Four trained machine-learning models are
analyzed, and the fairness is tested with nationality as the pri-
mary factor. While synthetic data can be used to guarantee
privacy and explore the use of controls, it may not be as repre-
sentative of financial behavior in the real world and may have
some limitations in terms of extrapolation of results.

The study is grounded in the concept of financial inclusion
and the algorithmic fairness framework. Financial inclusion
is about equal access to financial services, particularly for the
unbanked, while fairness in machine learning is about mini-
mizing bias and having the same results for different demo-
graphic groups*>. The structures shed light on the assessment
of the predictive performance as well as the ethical dimension
of the proposed credit-scoring model.

In the quest to answer the research questions, this paper
constructs an artificial dataset and uses various supervised
machine-learning algorithms to forecast credit risk. The stan-
dard classification measures are used to evaluate the model
performance, the fairness and interpretability measures are un-
dertaken to promote ethical and transparent decision-making.

Literature Review

One of the most significant aspects of credit scoring is that
lenders can gauge the dependability of the borrower and fore-
tell how he or she will pay back the loan. Official financial
coefficients such as repayment history, income, outstanding
payments and credit utilization ratios are used to base tradi-
tional credit-scoring systems.%’. Logistic regression was the
most popular model previously because of its simplicity, inter-

pretability and its performance in structured linearly separable
data sets.

These conventional models, however, have a number of lim-
itations. They exclude migrants, low-income and informal-
sector workers, who lack a financial history, from the for-
mal banking system, systematically. According to the World
Bank (2021), it is estimated that 1.4 billion adults are still un-
banked, mainly in areas like Sub-Saharan Africa, South Asia,
and Latin America. Limited access to credit decreases mobil-
ity in the economy and opportunity to start businesses, finance
education, and accumulate wealth in the long term 2. Logis-
tic regression has been shown to be less powerful in high di-
mensional or non-linear settings, and is structurally limited in
populations with informal financial histories as the financial
variables used are formally documented.”’. While ensemble
methods help to address some of these limitations in predic-
tion, there are also advantages and disadvantages to them, in-
cluding interpretability and regulatory transparency®.

To overcome these constraints, researchers and fintech de-
velopers have been looking for other data sources as a supple-
mentary input to credit analysis. Alternative data refers to a
wide variety of behavioural and digital signals, such as pay-
ing utility bills, mobile phone activity, remittance frequency,
employment record, e-commerce activity, applications, ge-
olocation, and even psychometric indicators®~!!. The non-
conventional financial data are financial discipline, consis-
tency of behaviour and social economic background. For in-
stance, mobile phones can be used to identify a regular pattern
of top-ups, which can be associated with a regular pattern of
income; and geospatial mobility patterns can be used to in-
fer employment or income status '2. Consequently, there is a
great potential in alternative data to widen credit access to his-
torically underserved and credit-invisible populations. There
are, however, not all signs of success. On the LendingClub
dataset, the alternative data proved to be more predictive than
the traditional data, but Jagtiani and Lemieux (2019) also ob-
served that some of the alternative data may be proxies for
protected attributes like race or nationality, which could rein-
troduce the very biases that they seek to avoid!?. Li et al.
(2020) further cautioned that the socioeconomic disadvantage
can be captured in the behavioral and digital footprint data in
a manner that is not obvious from the traditional notions of

fairness!!.

The merging of various data types and finding non-linear re-
lationships in credit data are well suited to machine-learning
(ML) techniques. Some of the popular decision tree-based al-
gorithms such as Random Forest, XGBoost and LightGBM
are effective in high-dimensional setting, are good at han-
dling multicollinearity and missing data.®'>!%. Random For-
est minimizes overfitting by pooling predictions using a lot
of trees. Gradient-boosting models (XGBoost, LightGBM)
first improve the prediction by focusing on the samples that

2 | NHSJS Reports

© The National High School Journal of Science 2026



have been misclassified and they are very accurate even in
the case of imbalanced data. Logistic regression is a rela-
tively simple model, but in financial services it is a norm due
to its transparency and regulators’ acceptance »'>. Recent re-
search also suggests that properly designed logistic regression
can perform as well as the complex ensembles and maintain
high interpretability, a crucial part of consumer trust and ad-
herence '®. Credit-scoring applications have also shown good
performance when using hybrid models combining linear and
gradient-boosting models .

One of the key gaps in previous research is the lack of in-
clusion of fairness assessment along with predictive assess-
ment. Researchers currently focus on measures of accuracy
and do not systematically analyze if models are equitable to
demographic groups. This study fills that gap by using De-
mographic Parity Difference and Equalized Odds Difference
as key evaluation metrics, in addition to the standard clas-
sification metrics. With the increase in the use of Al-based
credit scoring, issues of fairness and bias in the algorithm
have emerged. Discrimination may happen when some peo-
ple are discriminated against on a consistent basis because of
their nationality, gender, age or socioeconomic status. Popular
fairness measures include Demographic Parity (the rate of ap-
proval between groups) and Equalized Odds (the true-positive
and false-positive rates*>!8. Modern approaches towards fair-
ness include counterfactual fairness and intersectional analy-
sis, determining whether the applicants of similar financial sta-
tuses get equal treatment irrespective of demographic charac-
teristics 120, The research suggests that bias-reduction tech-
niques, such as preprocessing, feature selection, and balanced
sampling, can help reduce the differences without compromis-
ing predictive performance significantly?!>2. However, there
are some assumptions and known trade-offs for these fairness
metrics. Demographic Parity assumes equal approval rates
across groups is the correct measure of fairness, which may
be different from Equalized Odds, which focuses on equal er-
ror rates. Kleinberg et al. (2018) showed that these two no-
tions of fairness can only be met simultaneously under very
special circumstances, as proved mathematically?°. This in-
trinsic conflict implies that there is no single fairness measure
that can always be used, and the researcher needs to clearly
state which fairness measure they are optimizing for and why.

However, there are new ethical concerns with alterna-
tive data, including privacy concerns, consent concerns, and
the potential to inadvertently create proxies of protected at-
tributes. The regulatory frameworks such as GDPR, PSD2,
open-banking focus on transparency, minimal data, and re-
sponsible model governance?*>>. Explainability is also es-
sential: models that are not transparent or very complex can
lead to a drop in user trust and the ability of institutions to of-
fer a rationale for loan decisions. The models can be used to
explain the importance of features, and can be interpreted us-

ing techniques such as SHAP to provide explanations of the
model results %29, Although Al-based credit scoring is of
great interest, there are a number of gaps in the existing lit-
erature. Most research is based on predictive accuracy and
misses fairness, interpretability, or practical applicability to
the real world . Fairness analyses typically consider only one
of the factors being protected, and do not account for intersec-
tional or context-related biases. Not many studies discuss the
possibility of integrating alternative data into regulated finan-
cial systems, without infringing on privacy standards or oper-
ational requirements 910 " Current evidence, therefore, offers
little advice on how to institute systems that are both precise,
just, interpretable, and in line with the data-protection laws.

The study extends the state of the art by creating a syn-
thetic dataset that combines both classical and alternative
data sources and by evaluating the performance of different
machine-learning models from three angles: predictive per-
formance, fairness, and interpretability. The study provides a
more holistic assessment of algorithmic fairness than most ex-
isting studies, by treating nationality as a protected property.
The results are expected to guide the design of transparent, in-
clusive, and ethically-based credit-scoring systems that can be
used in the real-world financial settings.

Research Methodology

The paper proposes a systematic quantitative research design,
training and testing of Al-based credit scoring models on con-
ventional and innovative data. The framework focuses on pre-
dictive accuracy, the fairness of the decisions made with re-
gards to the demographic groups that fall under the protection
and the interpretability of the decisions made in accordance
with the responsible financial practices*>.

Research Design

A cross-sectional, experimental research design was used.
The experiment uses a single synthetic dataset, which con-
sisted of migrant workers at a single time, whereas machine-
learning models were trained experimentally under controlled
conditions”-'>. The design allows for a methodical compari-
son of different algorithms and allows for separating the ef-
fects of data preprocessing, feature engineering, and fairness
interventions. Since the aim is to recreate real world lend-
ing conditions without having access to sensitive information
about borrowers, the research uses probabilistic simulation in-
stead of field data based on the observational approach. This
ensures that the work is reproducible and ethical '*. Proba-
bilistic simulation is known to enable controlled experimen-
tation, but does not adequately represent the complexity of
lending environments in the real world and results should be
interpreted accordingly.
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Table 1 Comparative Summary of Prior Studies in Al-Based Credit Scoring

Study Data Type Models Used Fairness Key Finding
Assessed

Jagtiani & Lemieux Real-world Logistic Regression, ML No Alternative data improves predictive performance

(2019) (LendingClub) but may encode proxy bias

Bao & Huang (2021) Real-world (emerging Ensemble methods No Behavioral data improves inclusion for
markets) underbanked populations

Li et al. (2020) Real-world Multiple ML models Partial Digital footprints predict creditworthiness but

raise privacy concerns
Nguyen et al. (2020)  Real-world Hybrid linear + No Hybrid models balance accuracy and
ensemble interpretability

This study Synthetic (10,000 LR, RF, XGBoost, Yes (nationality)  Explores predictive performance, fairness, and

profiles) LightGBM interpretability in a controlled simulation

Participants / Sample

The sample size is 10,000 synthetic financial profiles, which
are designed to be the credit history of migrant workers with
no or minimal conventional credit history. The key demo-
graphic characteristics are age (20-55 years), nationality (cat-
egorical protected attribute), education level (primary, sec-
ondary, vocational and tertiary) and family structure (single or
extended family). The financial and behavioral characteristics
are based on the trends that have been reported by the World
Bank Global Findex, IMF Financial Access Survey, and case
studies of micro-lending among migrant communities >0, A
10,000 sample size is used for training a model and statisti-
cally significant fairness assessment. The dataset is fairly bal-
anced in terms of approved and rejected applicants, with 70%
of the population being approved and 30% being rejected, as
reported in micro-lending contexts !

Data Collection

Data collection was done purely based on synthetic data gen-
eration since no actual individuals were surveyed or inter-
viewed. This approach allows full control of the distribution
of features, reduces the ethical risk, and reproduces the re-
alistic financial behavior. Authentic variability was created
for a number of variables: salary was sampled from a trun-
cated normal distribution with bounds set at minimum wage
and median migrant income; length of employment was sam-
pled from an exponential distribution as this represents the
typical distribution of short-term contracts; the frequency with
which migrant households paid their utility bills was sampled
from a beta distribution that captures the range of regularity of
bill payments, while the frequency with which migrant house-
holds made remittances was sampled as a categorical variable
(weekly, bi-weekly, or monthly) following the typical distribu-
tion of remittance frequency in migrant households. To pre-
vent feature correlations, such as between income and rent, or
between job stability and remittance consistency, from being
unrealistically independent, joint sampling was used.

Label Generation

The binary credit approval label is based on a weighted thresh-
old function of three primary variables: salary to rent ratio,
employment length and the regularity of utility payments. To
avoid the problem of trivial learning of the classification task,
the threshold function was modified by adding a stochastic
noise term. In particular, the credit approval (1 or 0) was as-
signed to an applicant based on whether the weighted score
was above or below a certain threshold after adding the noise
term. This is recognised as a limitation, as the approval label
is generated from engineered features and not observed repay-
ment behaviour, so the models are learning the label gener-
ation function, and not the true creditworthiness signal. The
outcome variable of interest would be the repayment or default
of loans over a certain period of time, which is also identified
as a priority for future research.

Variables and Measurements

Credit approval is the dependent variable in this study, which
is a binary variable (0/1) indicating whether or not an appli-
cant is approved for a loan. The traditional financial indepen-
dent variables include salary, rent, employment length, and
the applicant’s profession and work sector. Other variables
and behaviors are consistency of utility payments, frequency
of top-ups, frequency of remittances, and overall measures of
employment stability. Demographic variables include age, ed-
ucation level, household size and nationality (which is used
as a protected attribute to assess fairness). One-hot encoding
was used to transform categorical variables. All continuous
variables were standardized and min-max scaled to facilitate
model convergence®!314. Interaction terms were developed
to capture meaningful financial interactions, such as income-
to-rent ratio and normalized remittance intensity. Temporal
behavioral indicators are created to measure reliability over
the past six months, consistent with the way lenders measure
stability. The models can be trained on these aspects of credit
scoring: financial capacity and behavioral responsibility.
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Procedure

The research took a multi-step systematic process. A synthetic
dataset was created based on probabilistic distribution, pre-
serving feature correlations. A realistic missingness of about
12% was added as a marker of the flaws in financial records.
The data pre-processing included the imputation of missing
values using median and mode, outlier clipping at Ist and
99th percentile, multicollinearity analysis by Variance Infla-
tion Factor, and engineering financial ratio and behavioral sta-
bility features. The class balance was ensured by using a strat-
ified train-test split (70/30), which led to approximately 7,000
training and 3,000 test profiles (70/30 ratio was held across
both splits). Four algorithms were trained: Logistic Regres-
sion, Random Forest, XGBoost and LightGBM. Hyperparam-
eter tuning was done by grid search with 5-fold cross valida-
tion, and a fixed random seed of 42 was used for reproducibil-
ity.

The hyperparameters for Logistic Regression were the reg-
ularization strength (C: 0.01, 0.1, 1, 10), while for Random
Forest, LightGBM, and XGBoost the hyperparameters were
the number of estimators (100, 200, 500), maximum depth
(3, 6, 9), and learning rate (0.01, 0.1, 0.3). The classification
metrics were used as a measure of performance. The credit
score outputs were scaled to the 300-850 range, with 70%
based on the model probability, 20% based on normalized in-
come, and 10% based on normalized age. Demographic parity
and equalized odds metrics were used for fairness assessment.
The results from the SHAP interpretability analysis are not
available and were performed in the original research. This is
seen as a limitation and SHAP analysis is identified as a pri-
ority for future work. The same goes for the original analysis
code, which is not available, limiting the ability to reproduce
this study. This ensures a transparent, repeatable and morally
sound workflow.

Data Analysis

The machine learning models employed were Logistic Re-
gression (LR), Random Forest (RF), XGBoost (XGB) and
LightGBM (LGB), which are considered as interpretable
baseline model, non-linear pattern recognition model, gradi-
ent boosting model with high predictive power and fast, ef-
ficient and scalable boosting model, respectively. The accu-
racy, precision, recall, F1-score and AUC-ROC were used to
measure the performance metrics, including correctness, sen-
sitivity and robustness. The measures of fairness were De-
mographic Parity Difference (DP Difference) and Equalized
Odds Difference (EOD). These assess the potential for disad-
vantage of protected groups. Use of a 300-850 range gives
the Al system a familiar framework for lenders and makes the
credit-scoring system more similar to the actual one.

Ethical Considerations

There were no real human data, all profiles were completely
artificial and therefore privacy threats were not possible. The
ethical guidelines were adhered to, namely: not using sensi-
tive personal identifiers, transparency through interpretability,
fairness and avoiding discrimination*>!8 and adhering to the
responsible Al principles applied to finance. The methodol-
ogy recognizes that the deployment to any actual world would
need continuous monitoring, documentation that would be
compliant with regulators and further testing of fairness.

Results & Analysis

This study’s results provide insight into the predictive accu-
racy, fairness, and interpretability of traditional financial data
vs. new behavioral data Al credit-scoring models. The anal-
ysis is based on the measures of model evaluation, the distri-
bution of credit score and the outcome of fairness with regard
to the attribute of nationality which is protected. The results
presented in this section are based on the synthetic dataset and
are not intended to be a measure of predictive validity in the
real world.

Data Preprocessing Outcomes

Preprocessing of data was effective in tackling the statistical
and operational challenges before training the model. The
analysis of the Variance Inflation Factor (VIF) showed that a
few features were moderately multicollinear (Phone Top-Ups
VIF = 7.83, Salary VIF = 6.83, and Rent VIF = 6.59). There
was, however, no value that was above the widely accepted
value of 10, which shows that there were no variables that
needed to be dropped?’. The effect of outliers was removed
using the clipping technique, which did not alter the overall
shape of the distribution, at the first and the 99th percentile. 28,
In addition, all continuous variables were normalized in or-
der to compare features and enable all the machine-learning
models to converge successfully >’.

Model Performance

The predictive performance of the four machine-learning
models differed based on the measures. The best results were
obtained with Logistic Regression, with 99 percent accuracy,
F1-score of 0.98, precision of 1.00 and a recall of 0.96. Be-
sides good predictive capability, it is interpretable and there-
fore, it is especially appropriate in regulatory compliance and
real-life application in financial systems. These high metrics
are likely due to the carefully controlled and internally consis-
tent nature of the synthetic dataset, its label creation process,
and not to the generalizable predictive power. The good ac-
curacy of 1.00 in particular, indicates that the model might be
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learning the label generation function instead of a real cred-
itworthiness signal. Random Forest also achieved a high ac-
curacy (approx 99%) and a much lower recall of 0.64. This
means that there are more false negatives thus is especially
critical in credit scoring which may result in missed finan-
cial opportunities of identifying creditworthy applicants®. The
anomaly is not inherent to the model and is caused by either
the class imbalance in the data or default threshold miscali-
bration and will not be a good measure of model performance
when used in a credit scoring application. In this study, F1-
score and AUC-ROC are therefore considered as the main per-
formance metrics.

XGBoost and LightGBM were both performing equally
well, where the accuracy and F1-scores are around 97% and
0.92 respectively. These models were found to be very suc-
cessful in modelling complex nonlinear relationships, while
having relatively low risk of overfitting!3!4. Overall, the re-
sults show that more sophisticated ensemble methods are suc-
cessful, but less sophisticated models, such as Logistic Re-
gression, can be as or even more successful when combined
with effective preprocessing and feature engineering, particu-
larly when interpretability is important. A limitation of this
study was that the confidence intervals and statistical signifi-
cance tests were not computed for these indicators.

Table 2 Model Performance Metrics

Model Accuracy  Precision Recall Fl-score =~ AUC-ROC
Logistic Regression 0.99 1.00 0.96 0.98 0.99
Random Forest 0.99 0.98 0.64 0.78 0.95
XGBoost 0.97 0.93 091 0.92 0.97
LightGBM 0.97 0.92 0.90 0.92 0.97

Generation and Distribution of Credit Score

A credit-score system that could be interpreted was created
using the weighted model probability and key financial indi-
cators: 70% model probability, 20% normalized income and
10% normalized age. These scores were graphed against a
normal range of credit scores (300-850). The analysis of the
box-plots showed that there was an evident distinction of the
approved and rejected applicants, where the median credit
score of the approved ones was much higher than that of the
rejected ones, and there was a minimal overlap between the
approved and rejected applicants. This is a very discrimina-
tive scoring system. The score distribution was skewed to the
higher end of the scores (700-850) among those who were ap-
proved, while the lower scores (600-699) were more evenly
distributed among the applicants who were not approved. That
the score distributions are clearly separated between the ap-
proved and rejected categories is consistent with the genera-
tion of synthetic data, where the approval labels were obtained
from a subset of the same features that scored the data. That

should be taken into account when considering the discrimi-
native potential of the scoring system.

Fairness Assessment

Fairness evaluation characteristic chosen was nationality. All
models had low values of the Demographic Parity Difference
(DP-diff) of under 0.02, which means that the approval rates
of the protected and reference group were not much different.
The Equalized Odds Difference (EO-diff) was near to zero
(below 0.01) as well in Logistic Regression and XGBoost.
Random Forest and LightGBM, however, showed slightly
higher results of 0.036 — 0.04, which were still acceptable4’18.
These low disparity values are not surprising as the synthetic
data generator intentionally did not create any disparity based
on nationality. These results are not therefore a reflection of
real-world fairness, and are used to confirm that there was no
nationality bias introduced in this simulation when creating
data and training models. The nationality was not considered
as an explicit model variable, but may have been considered
as such implicitly by the other variables that were correlated
with it, such as the remittance frequency, sector of employ-
ment and income level, which is a possible source of proxy
bias that this study can not fully rule out. These findings indi-
cate that without any extra post-processing debiasing, fairness
can be enhanced by preprocessing with care, balanced train-
ing, and model selection. However, it has limited the analysis
as it does not consider multi-attribute fairness or potential for
proxy variables 2120

Predictive Performance and Ethical Objectives Alignment

Two aspects that need to be matched in Al-driven credit sys-
tems are predictive performance and ethical fairness. Interest-
ingly, the best predictive performance model (Logistic Regres-
sion) also showed a more equal fairness result. This suggests
that there is no conflict between predictive accuracy and fair-
ness in this data set. Unlike the well studied trade-off between
fairness and performance in machine-learning systems?, the
trade-off between fairness and performance is not explored
in this work. This tension can be reduced by the effective
preprocessing and feature selection as indicated in the above
study. The observation should be taken with a pinch of salt,
however, as the data is synthetic. This accuracy-fairness re-
lationship may not hold true in a real world setting where the
data generation process is based on real-world differences in
demographics.

Implications for Practice

The results are that Al-driven credit-scoring models can
achieve a high accuracy, fairness, and interpretability in a
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Fairness Metrics Comparison
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Figure. 1 Fairness Metrics Comparison

controlled simulation environment with the proper integra-
tion of alternative data sources. In the simulated data set, the
behavior-based or alternative financial indicators were found
to be predictive, especially for underbanked profile types that
lack a traditional credit history 2.

Further, the derived credit scores provide a standardized
and interpretable output and can facilitate better communica-
tion between the financial institutions and the applicants, en-
hancing transparency, regulatory compliance and trust among
users. These implications are preliminary, and must be con-
firmed using actual loan data before any applied conclusions
can be drawn.

Discussion

This paper investigated the potential of combining conven-
tional financial information with other forms of behavioural
information to create predictive credit scores that are accurate,
interpretable and fair, using Al-based credit-scoring models.
The findings give an understanding of how machine-learning
strategies can alleviate constraints of traditional systems of
credit-scoring especially among credit-invisible individuals
like migrant workers, and those in the informal sector of em-
ployment. It is important to note, however, that all findings
are from a synthetic simulation environment, and the extent to
which the findings would apply to real-world lending contexts
is not yet verified. In this section, the results are explained in

light of the research objectives, implications are drawn, limi-
tations and future research directions are mentioned.

Interpretation of Model Performance

The results indicate that the performance of the model is not
solely determined by the complexity of the algorithms, but
also by the quality of the data, data preprocessing, and feature
engineering. Although more complex ensemble models, such
as the Random Forest, XGBoost, and LightGBM are generally
expected to yield better performance than simpler models, the
results show that in this experiment, the Logistic Regression
was more successful than the other two. This is likely because
the synthetic data is linearly separable, and not because Lo-
gistic Regression is generally superior to simpler models. Lo-
gistic Regression was structurally appropriate for the recovery
of the credit approval label as it was generated by a weighted
threshold function, which is a linear operation. This does not
mean Logistic Regression would be more successful than en-
semble methods on real credit data with more complex and
non-linear relationships between variables.

Logistic Regression showed that a simple linear model can
be as accurate as a more complicated model when the data is
well-organized and is well processed’2’. This helps in the
notion of predictive performance not being entirely reliant on
model complexity.

Random Forest, in their turn, had the same accuracy, but
a much lower recall (0.64). This would imply that false nega-
tives are higher and therefore, some creditworthy people might
have been misclassified as being high-risk. This is particularly
important in a credit-scoring context, where it could result in
lower levels of financial inclusion and access to opportunities.
This is probably because the synthetic dataset is not sensitive
to class imbalance or because the default threshold is miscal-
ibrated due to lack of sensitivity to class imbalance. It also
sheds light on the reasons why accuracy alone is a poor mea-
sure to use for credit scoring and why F1-score and AUC-ROC
were used as primary measures in this study.

The capability of these machine learning models to embrace
nonlinear relationships and feature interactions in heteroge-
neous data was the reason for their high and balanced per-
formance (around 97% accuracy and F1-score of 0.92) 1314,
However, the not so easy-to-understand nature of these is a
disadvantage in controlled financial environments.

Table 3 Model Comparison

Model Predictive Power Fairness Interpretability
Logistic Regression High High Very High
Random Forest High Medium Medium
XGBoost Very High High Low
LightGBM Very High Medium Low

The comparison also verifies that the Logistic Regression’s
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performance is most balanced when the three criteria are all
considered. In general, the results indicate that simpler mod-
els are better suited in situations where interpretability, trans-
parency and regulatory requirements are emphasized, while
not being significantly less accurate in predicting outcomes.
The results from this conclusion are only applicable to this
synthetic study and cannot be generalized to other situations
until they are tested in the field.

Fairness Implications

The fairness test indicates that the models were fairly consis-
tent on the attribute that was being guarded (nationality). De-
mographic Parity Difference and Equalized Odds Difference
were small in all of the models, indicating that there is not
much difference in the rate of approval and distribution of er-
ror between groups*!3.

The low disparity values should be taken with a grain of salt,
though. The low values of both DP-diff and EO-diff should
not be interpreted as a sign of the fairness of the models, since
the data generator was not designed to generate such differ-
ences in the first place. The fairness results would have been
much different if the generator had been programmed to reflect
socioeconomic differences that are associated with nationality,
as would be the case in actual lending situations.

Logistic Regression and XGBoost gave the best fairness,
and some more, but still fair, disparity in Random Forest and
LightGBM. These findings indicate that one can enhance fair-
ness by preprocessing carefully, training in a balanced man-
ner, and selectively choosing features. The limitation of the
analysis is however the use of a single attribute which is being
protected. In the context of a practical credit system there are a
number of aspects of fairness which could be overlapping due
to gender, age and socioeconomic status. As these cross-over
can, they may develop latent biases that cannot be learned by
taking a single attribute into account?.

Moreover, the current study did not look at counterfactual
fairness, which would account for different outcomes for in-
dividuals with comparable financial circumstances based on
demographic differences!6. This is also a valuable topic to
be studied in the future. Policymaking-wise, the results indi-
cate the need to incorporate fairness assessment in Al credit
systems, such as ongoing auditing and regulatory controls to
guarantee fair results among populations.

Interpretability and Operational Use

The proposed system has an advantage in being interpretable,
whereby the output of the model is mapped to the standardized
credit score scale of 300-850. This conversion makes usabil-
ity more efficient to financial institutions and makes model
outputs to match the pre-defined credit assessment structures.

The addition of the predicted probabilities and with income
and age makes it more transparent and allows the stakeholders
to have a more clear understanding of how the credit scores are
derived. The clear distinction between accepted and rejected
applicants (as observed in score distributions) also helps to
make the model discriminative.

It is important to note, however, that this separation is partly
because of the process of labelling, where the approval is
given by a sub-set of the same features that are scored. The
distributions of the scores would overlap to a larger extent in
areal system.

In financial systems interpretability is particularly im-
portant because the actions taken by the financial system
should be understandable to regulators and consumers. Non-
transparent models have the potential to decrease trust, add
regulatory risk, and constrain use in practical lending settings.

By contrast, explainable systems enable borrowers to see
how their habits like paying utilities or charging their mo-
bile phones are associated with their credit assessment out-
comes. This openness also makes it possible to have some
human checks and balances that may allow financial officers
to confirm or challenge algorithmic decisions where needed,
thus alleviating the risk of automation errors or model drift.

Implications for Financial Inclusion

The implementation of alternative information provides a
great deal of capability to the credit-scoring models to evaluate
consumers who don’t have any conventional credit history. Fi-
nancial responsibility signals can be provided by behavioural
signals such as utility payments, mobile top-ups, and remit-
tance patterns. This strategy is a direct contribution to the goal
of financial inclusion, as it proposes a possible route to ex-
panding access to credit for traditionally underserved groups
in the formal financial system, including migrant workers and

informal-sector workers 2.

The implications are tentative and rely on validation in the
real world, and the results are demonstrated to be viable in a
simulation, but not necessarily in the real world.

The social impacts of increased credit availability are also
larger, including increased entrepreneurship, increased finan-
cial security in households and increased investment in edu-
cation and health. However, privacy and responsible handling
of data must be taken into account. Consent is not the only
concern with the use of behavioral data, misuse and surveil-
lance are also concerns even with anonymized and aggregated
data. Thus, to make its application responsible, good gover-
nance structures are needed, such as adherence to data protec-
tion laws and clear consent procedures 2%,
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Integration with Policy and Practice

The findings of this research have immediate financial regula-
tory and industry practice implications. This information can
help regulators establish more precise measures of fairness,
transparency, and explainability in Al-driven credit scoring.
This will include ensuring that models are routinely reviewed
and are not biased and that models are understandable to insti-
tutions as well as to the consumers.

Financial institutions can benefit from the benefits of tran-
sitioning to hybrid scoring systems that are not only predic-
tive but also interpretable to enable not only good risk man-
agement practices but also inclusive lending practices. And,
it is important to constantly be monitored, because model
performance and equity can vary over time, depending on
economic changes or policy changes, or population changes.
Thus, AI governance mechanisms should incorporate real-
time surveillance systems, regular retraining, and fairness au-
dits to achieve long-term dependability and ethical adherence.

Conclusion and Future View

In general, the results indicate that Al-driven credit-scoring
systems can be highly predictive and fair and interpretable
when designed in a suitable manner within a controlled syn-
thetic environment. The results suggest that the performance
of the models depends more on the quality of the preprocess-
ing, feature engineering, and evaluation strategy than on the
complexity of the algorithm. It is a methodological lesson that
careful data preparation can be more important than selecting
the model: this is a transferable lesson, but needs further em-
pirical testing for generalisability to real world data.

The study also suggests that predictive performance and
fairness do not have to be mutually exclusive goals, especially
with properly designed models. However, in a synthetic envi-
ronment, as in this study, this is not the case as the data gen-
erator intentionally did not create any nationality imbalance.
Whether this alignment is seen in the real data sets in which
there are genuine demographic differences is unknown.

Further studies are needed on the multi-attribute and inter-
sectional fairness and longitudinal validation with real-world
data. Further research is also required to evaluate the hybrid
explainability methods, like those based on SHAP explana-
tions and counterfactual fairness analysis to enhance trans-
parency without decreasing predictive power. SHAP inter-
pretability analysis was performed during the original research
process, but the results are not included in this manuscript; fu-
ture analyses should include global feature importance plots,
examples of local explanations and nationality-stratified com-
parisons of attribution.

These advancements will enhance the credibility, ethical
soundness, and practicality of Al-based credit scoring sys-

tems, which will be beneficial in the wider financial inclusion
throughout the world.

Limitations

Though this research shows that Al-based credit-scoring mod-
els with alternative data can reach high predictive performance
without compromising fairness within a synthetic simulation
environment, a number of limitations should be considered.
These are related to the constraints of the data, methods, fair-
ness assessment, ethics, and real world implementation. It is
important to note these limitations to properly interpret the
findings and inform future studies.

Data-Related Limitations

One of the primary limitations of this study is in the represen-
tativeness of the data set. Even though the synthetic dataset
was created to be more realistic in terms of financial and de-
mographic distribution, it might not be representative of the
variety of the real-life applicants of credit. In particular, it
may not be representative of high-risk populations, or even of
the entire unbanked population. This can limit the applicabil-
ity of the model to a wider range of actual lending scenarios !
Another and more basic restriction on data is label-generation
circularity. The binary credit approval label is based on a sub-
set of the same features that are used as the model inputs, and
is generated by a weighted threshold function. This means
that the models are learning a version of the label generation
rule that is more or less accurate, not a true creditworthiness
signal (which is most likely the case), and explains the near-
perfect performance metrics seen. These performance metrics
are internally valid, in that there is no external validation, and
therefore they are meaningless.

Moreover, although the fairness measures using nationality
showed that there were only minor inequalities, there is still
a possibility of proxy bias, in which other factors like occu-
pation, income level, or type of employment could indirectly
capture demographic data. This could lead to unintentional
and/or implicit discrimination that could not be identified by
a direct assessment of fairness*. Furthermore, as the disparity
in nationalities was not introduced by design in the synthetic
generator, the low disparity values in fairness are not mean-
ingful results but rather by design.

Lastly, the dataset is cross-sectional, and lacks temporal dy-
namics. Consequently, the models are unable to explain time-
varying financial behavior, including those due to economic
cycles, inflation or job insecurity. This restricts the capacity
to assess the long-term predictive stability as well as equity
performance.
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Methodological Limitations

The models have been tested on a held-out test set, without
external testing on independent datasets of other populations
or economic circumstances. This hinders the extrapolation of
the results and introduces doubt as to how the models would
behave in the real-life deployment environment’. To quan-
tify, there was no baseline model built using only traditional
financial data to compare with. Therefore it is not possible to
measure the effectiveness of the alternative data in compari-
son to the traditional financial data and credit scoring data. It
is important to make this comparison in future studies. More-
over, the research was devoted to four machine-learning mod-
els such as the Logistic Regression, Random Forest, XGBoost,
and LightGBM. These have seen widespread use in credit
scoring, but other approaches that are fair and/or interpretable,
such as adversarial debiasing or fairness constrained optimiza-
tion methods, were not examined. This restricts the extent of
comparison and might rule out models that could offer better
fairness-performance trade-offs 2!

Computational feasibility was also a constraint to hyperpa-
rameter tuning. Even with reasonable optimization, it may be
possible to improve the performance of the model by tuning
it more, but this may also result in overfitting. In addition,
the original analysis code and outputs have not been kept,
reducing the ability to reproduce this study. There were no
additional metrics of credit scoring (PR-AUC, calibration er-
ror, Brier score) reported, nor were confidence intervals and
statistical significance tests calculated. These are identified
weaknesses which future research should consider. A second
limitation of reproducibility is that the SHAP interpretability
analysis was conducted as part of the original research pro-
cess, but is not included with the outputs.

Equity and Ethical Restrictions

One of the key weaknesses of the fairness assessment is the
consideration of a single attribute that is protected, national-
ity. Other important demographical factors such as gender,
age, socio-economic status or disability were not taken into
consideration. This may lead, as a consequence, to the re-
search not being representative of the intersectional or multi-
dimensional bias that is prevalent in actual credit systems?.
The study was also not conducted with individual level coun-
terfactual fairness testing. This restricts the possibility to de-
cide whether people with the same financial profile but differ-
ent demographic features would get the same results 2. While
the data used in this study is synthetic and anonymized, in
other environments where alternative behavioral data are used,
there are important issues surrounding ethics, primarily pri-
vacy, consent and potential misuse of sensitive personal data.
These were explored but not measured in this study.

Practical and Deployment Limitations

Although the model has shown good theoretical performance,
there are other challenges in implementing the model in real
life. These include regulatory compliance, integration with the
existing banking system, and explainability in high-stakes fi-
nancial decision making?. The other critical weakness is the
possibility of model drift in such a way that variations in eco-
nomic conditions or population behavior over time can de-
crease the model accuracy and fairness. This would require
constant monitoring, retraining and auditing to guarantee reli-
ability in the long term. In addition, too much reliance on au-
tomated decision-making processes can reduce human over-
sight, leading to unintended errors or a lack of awareness in
credit assessments.

Summary

On the whole, although the results of this paper are encour-
aging and reveal the potential of Al-based credit scoring in
enhancing its predictive power and in increasing its fairness,
they need to be viewed through a set of constraints. They in-
clude limitations in data representativeness, limitations in cir-
cularity of label generation, limitations in synthetic data over-
separability, code and output unavailability, limited scope of
evaluating fairness, methodological limitations, and practical
deployment. These questions will be important in future re-
search to develop more robust, generalizable and moral credit-
scoring systems.

Conclusion & Recommendations

This work has developed and evaluated an Al credit-scoring
simulation to investigate predictive performance and fairness
by leveraging traditional financial data with other behavioral
factors in a synthetic setting. The study fills the gap of conven-
tional credit-scoring models, most of which lack the ability to
capture non-linear financial behavior and are often insensitive
to credit-invisible groups like migrant workers and workers in
the informal sector!. To determine if AI systems could help
make credit decisions more inclusive and transparent, the pre-
dictive performance, fairness metrics, and interpretability of
the models under test — Logistic Regression, Random Forest,
XGBoost, and LightGBM - were evaluated. All results are
preliminary and based on simulation conditions; not proven in
the real world.

Research Purpose and Scope

This study was aimed at specifying and testing an Al-based
credit-scoring model that would strike a balance among three
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important goals, namely, predictive performance, fairness, and
interpretability. Traditional credit-scoring systems often rely
heavily on historical financial data, which can limit their use-
fulness for those who don’t have a long credit history and
can contribute to demographic bias. To fill this void, the re-
searcher applied four machine learning models: Logistic Re-
gression, Random Forest, XGBoost and LightGBM, to a struc-
tured dataset of demographic, financial and behavioral vari-
ables. The study focused on the performance of Al models in
the binary classification of credit approval, as well as on the
equality of treatment across nationality groups based on De-
mographic Parity Difference and Equalized Odds Difference,
and the interpretability of the model results in a standardized
credit-score format.

Key Findings

The study findings suggest that when the conditions are well
structured in the synthetic dataset, the predictive and fairness
performance are good. Preprocessing of the data, such as
outlier management, normalization and multicollinearity, en-
hanced the stability of the model and provided consistency be-
tween the algorithms. This was needed to make sound com-
parisons between models. Logistic Regression had the highest
predictive performance with 99% accuracy and 0.98 F1 score.
Random Forest demonstrated the same accuracy but much
lower recall (0.64), which means more false negatives. The
accuracy was 97% with the F1-scores of 0.92, which is a good
performance in handling with nonlinear relationships, and the
results of XGBoost, LightGBM were similar. The disparities
were low across all models, as indicated by the evaluation of
fairness: Demographic Parity Difference was not greater than
0.02 and Equalized Odds Difference was not greater than 0.04.
The low disparity values are not a reflection of fairness in the
real world, but arise from the process of generating the syn-
thetic data. The model produced credit scores ranging from
300 to 850 and showed a substantial difference between credit
scores of approved and denied applicants. Part of this sepa-
ration may be due to circularity in the labeling process and
not to discriminative power. Overall, it is found that it is fea-
sible to obtain internal consistency between fairness and pre-
dictive performance by carefully designing data preprocessing
and feature engineering in a simulation environment.

Knowledge and Practical Contributions

The research has a contribution to the current body of liter-
ature by showing that less complex models like Logistic Re-
gression can compete with more complex ensemble models
when trained on well-prepared data in a synthetic setting. This
implies (but does not prove) that predictive performance is

not solely dependent on model complexity. Based on the the-
ory, the findings suggest that alternative behavioral data could
potentially be a viable addition to traditional financial mea-
sures for underserved populations, pending empirical testing.
In terms of applications, the proposed framework provides a
practical example of the applicability of interpretable and effi-
cient models in low-resource or regulated environments. Also,
the fairness evaluation integration offers a systematic way of
auditing bias in credit-scoring systems.

Policy and Industry Recommendations

The findings of this research have implications for policy mak-
ers and financial institutions, but these are only suggestive
and based on a simulation study rather than evidence-based
recommendations. Regulators ought to promote the use of
explainable and transparent Al in financial decision-making.
This involves setting out clear fairness standards, responsible
usage of alternative data, and supportive open banking sys-
tems with robust consent and privacy rights>*. In the industry
perspective, hybrid credit-scoring systems are recommended
that can provide balance between predictive accuracy and in-
terpretability to the financial institutions. To guarantee long-
term reliability, regular fairness audits, constant monitoring,
and updates of the model should be implemented. Also, com-
panies ought to invest in enhancing the consumer perception
of Al-based credit decisions by making them more trustful and
transparent.

Future Research Directions

Some future research is needed to expand this work in some
directions. First, the research should look at models tested on
a multi-country or multi-institution level, to make the mod-
els more relevant to different economic and demographic con-
texts. Second, longitudinal studies need to be conducted to
understand the evolution of model performance and fairness
in realistic settings over time. Third, future studies should
also incorporate other data sources to augment predictive cov-
erage, such as behavioral, network-based and geospatial fea-
tures. Fourth, multi-attribute and intersectional frameworks
such as gender, age, and socioeconomic background should
be included in fairness analysis to address more complicated
types of bias. Fifth, for future comparisons, a baseline model
with traditional features should be included to provide a mea-
sure of the value of other data. Sixth, SHAP interpretabil-
ity analysis must be conducted and communicated in full de-
tail, including nation-wise feature importance plots, exam-
ples and explanations, and nation-wise comparisons of attri-
bution. Seventh, other evaluation metrics such as PR-AUC,
calibration error, Brier score and bootstrap confidence inter-
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vals should be reported to give a more stringent assessment of
the model performance. Finally, other approaches to explain-
ability such as SHAP and counterfactual explanations should
be explored further to improve their interpretability without
compromising their predictive power.

Overall, this paper demonstrates the potential of Al credit-
scoring systems in a synthetic simulation setting and the po-
tential of responsible Al frameworks to increase financial in-
clusion, provided they are tested with real-world data. The
methodological and exploratory contribution of this study is
to offer a structure for the evaluation of the performance
of alternative-data credit scoring from the predictive perfor-
mance and fairness and interpretability angles, and to give
clear directions for future empirical research.
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Appendix A: Distribution Choices

The synthetic dataset was chosen to be privacy-conscious to the extent to en-
sure privacy violations were reduced, but this must reproduce authentic eco-
nomic and demographic heterogeneity and thus allow Al credit-scoring ex-
perimentation to be rigorous. Salary was drawn from a truncated normal dis-
tribution bounded by minimum wage and average income of migrants. Du-
ration of employment followed a skewed exponential distribution reflecting
short-term employment patterns. Utility bill payments were modelled using
a beta distribution that focuses on steadiness. Phone top-ups were generated
using a Poisson distribution modelling digital and non-continuous periodic
payments. Remittance frequency was treated as a nominal variable with val-
ues of weekly, bi-weekly, and monthly. This approach maintains reasonable
variability while protecting personal privacy.

Appendix B: Preprocessing Information

Data pre-processing was done to guarantee quality, reliability and model pre-
paredness. Non-numeric features including profession, sector, education, and
nationality were one-hot encoded to reduce computational complexity and
preserve interpretability. Continuous valued variables including age, salary,
rent, employment duration, utility bills, and phone top-ups were normalized
or min-max scaled. Missingness was synthetically generated at approximately
10%, with numeric data imputed to the median and discrete data imputed to
the mode. Values above the 1st and 99th percentile were capped to prevent
biased predictions. Variability inflation factor analysis indicated a low level
of multicollinearity redundancy. Such protocols are consistent with the best
practices in applied financial Al studies, which facilitates predictive perfor-
mance as well as fairness assessment.
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