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The rapid growth of digital lending platforms has revolutionized access to credit in emerging
economies, providing financial opportunities to underserved individuals. Despite these advancements,
high loan default rates remain a substantial challenge, threatening the sustainability of these lending
platforms and the broader financial ecosystem. This study examines the determinants of loan default
among users of mobile-based digital lending platforms in Kenya, a leading adopter of digital financial
services. Employing a sample of 161 responses from borrowers, the analysis uses a probit regression
model to identify primary predictors of loan default. The study focuses on borrower demographics like
age and place of residence and loan characteristics, such as repayment term (period) and interest rates.
The results reveal that older customers and those in rural areas are more likely to default on their
loans, whereas longer repayment periods reduce the probability of default. Interestingly, the interest
rate does not significantly affect default behavior, implying that borrowers prioritize access to credit
over its cost. These results underscore the essence of tailoring digital lending practices to the diverse
borrower needs and circumstances. By addressing the factors that drive loan defaults, digital platform
lenders can improve risk assessment frameworks, enhance financial inclusion, and enhance the
sustainability of digital lending platforms. The findings provide actionable insights for policymakers,
lenders, and other industry players seeking to mitigate default risks and foster a more robust digital

financial ecosystem.
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1. Introduction

The rapid growth of digital lending platforms, particularly mobile phone-based platforms, has
revolutionized access to credit in emerging economiestl, These platforms have bridged the gap for
underbanked populations, offering quick and convenient financial solutions in emerging economies like
Kenya. With the advent of mobile-based digital lending platforms, individuals previously excluded from
formal financial systems now have unprecedented access to credit. These digital platforms leverage
technology to provide quick and convenient loans, bypassing traditional requirements like collateral or
extensive credit history. Despite their transformative potential, digital lending platforms face
challenges, notably high default rates, threatening their sustainability and impact. Understanding the
determinants of loan default in this context is crucial for enhancing the efficacy of these lending

platforms and promoting financial inclusion, especially in markets with weak regulationm.

Previous research has extensively explored loan default prediction using traditional banking datasets.
However, there is still limited focus on digital lending platforms, especially in developing markets, thus
requiring further researchl3l. These digital lending platforms face unique challenges, including limited
borrower credit histories, high transaction costs, and operational risks. Besides, demographic and
economic factors like age, repayment term, interest rate, and place of residence remain understudied in
this context. Addressing these gaps is critical for tailoring credit assessment models to the local market

and ensuring financial inclusion without compromising profitability.

Kenya presents a unique case for analyzing digital lending. The country has one of the highest mobile
penetration rates in Africa, and mobile money platforms (like M-Pesa, Artel Money, and Orange Money)
have laid the groundwork for the widespread adoption of digital financial services. Nonetheless, the ease
of access to credit raises concerns about over-indebtedness and default rates, particularly among
vulnerable borrowers. Loan default affects lenders’ profitability and undermines trust in digital financial
systems, posing broader economic implications. Identifying the factors influencing default behavior is
essential for designing effective risk management strategies and fostering sustainable growth in the

digital lending sector[4l,

Loan default remains a pressing challenge for digital lending platforms in growing economies like
Kenya. Whereas these platforms have democratized access to credit, their over-reliance on
unconventional data sources and algorithms for credit risk assessment has yielded mixed results. Higher
default rates compromise the financial stability of digital lending platforms and deter potential

investors, limiting their capacity to serve a broader population. Investors in digital loan markets
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demonstrate the ability to differentiate between risk and profit!3l. The hurdle is further compounded by
the lack of detailed empirical studies exploring the specific factors that drive loan default in the context

of digital lending in Kenya.

This study will employ econometric modeling to examine the predictors of loan default among users of
digital lending platforms in the Kenyan context. By focusing on key variables like age, repayment term,
interest rate, and place of residence, the study aims to uncover actionable insights that can inform policy
and operational strategies. Our findings contribute to the growing literature on digital lending and offer

practical recommendations for enhancing credit risk management in this rapidly evolving sector.

The paper is organized as follows: Section 2 is divided into two main parts: materials and methods. The
materials part explores empirical literature on digital lending, a brief analysis of the Kenyan context, and
hypotheses formulation. The methods part has different subsections; the first is about data collection,
ethics, sampling, and variable description. The other subsection focuses on developing the econometric
model employed in the study by developing equations determining loan default by digital borrowers. In
Section 3, we present empirical findings outlining significant loan default predictors on digital
platforms, presenting specific contributions of each factor through marginal effect analysis. Section 4
discusses the empirical results, links these findings to current literature, and offers explanations where

none exist. In the final Section 5, we present our conclusions.

2. Literature Review

2.1. Existing Literature on Digital Lending

Digital lending has revolutionized the financial sector, leveraging technology to streamline loan
processes and improve access to credit. The innovation has gained traction globally, with various regions
adopting different approaches, such as online platforms and mobile money services. Primary drivers
include filling credit gaps, data analytics, and regulatory support, contributing to financial inclusion and
economic growth. In emerging markets, digital lending platforms are crucial for funding MSMEs,
offering faster and more efficient credit evaluation than traditional methods[l. The digitalization of
lending processes has increased speed, accuracy, and efficiency in origination and renewal. While digital
lending offers numerous advantages for both banks and consumers, challenges persist, particularly in

developing economies, where solutions are needed to address obstacles faced by clients(&l7],
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Factors influencing loan repayment differ across studies. For instance, age is irrelevant in predicting
defaults in the Ghanaian market but significant in Tanzania, where younger borrowers between 18 and
24, years are considered more reliable1[%l, Inasmuch as digital credit enhances borrowing opportunities
for borrowers excluded from conventional markets, it accounts for 90 percent of blacklistings in Kenya
due to high default rates and stricter consequences for defaults than other credit markets[12l. These
findings underpin the complex dynamics of digital lending and the need for careful consideration of

borrower characteristics and loan terms.

Research on rural and urban borrowers and digital loan default reveals crucial insights. Rural borrowers
are less likely to default on small business loans than urban borrowers, with social capital significantly
reducing default ratesLl, Interest rates, loan size, loan diversion, and collateral significantly determine
default rates, particularly for low-income urban borrowers22l, Credit rationing criteria can influence
loan access and repayment performance, with the technique effectively identifying a third of
creditworthy borrowers in one study. Tightening loan contract terms, like reducing grace periods and

rejecting applications with long processing times, may boost the pool of creditworthy borrowers[13l,

Recent evidence highlights the complexity of loan default prediction and its determinants. Novel
multiperiod default prediction techniques that outperform traditional methods in accurately forecasting
time-to-default are necessarylX4l. The loan repayment period is a significant factor in default risk, with
longer-term loans showing substantially higher default rates than shorter-term loans. Despite
substantial loan demand, many digital borrowers are unaware of loan terms and incur late fees. While
brief financial literacy intervention improves knowledge, it may not significantly increase timely
repayments and may modestly increase loan demand and default likelihood3l; these findings
underscore the importance of considering multiple variables and time horizons when assessing loan

default risk.

Moreover, existing studies on digital loans and interest rates reveal that loan and borrower-specific
factors significantly impact interest rates and default status across online peer-to-peer lending
platforms. Formal regulations increase interest rates for small microloans and supply shortagesH21[161
Interest rates play a crucial role in default probability, with higher interest rates increasing default risk
and lower base rates potentially leading banks to lend to riskier borrowers. Besides, unclear regulations
on interest rate limits in online lending create uncertainty in determining rates271181

That notwithstanding, higher default rates are a concern, with empirical evidence suggesting that

increasing loan delivery time may decrease default likelihood. High default rates and potential predatory
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behaviors raise consumer protection concernsl22l. Further studies are necessary to explore digital loan

default, factoring in market differences and dynamics.

2.2. Contextual Analysis Specific to the Kenyan Market

Digital lending has become increasingly prevalent in Kenya's financial sector. While it offers easier
access to loans, it also raises concerns about regulation and consumer protection. Commercial banks
have embraced digital lending, positively impacting technical efficiency. The correlation between digital
lending duration and non-secured loans is positive and significant, while digital lending costs negatively
correlate with non-secured loans/221(21], Despite their popularity, most digital lenders operate in an
unregulated environment, potentially exploiting customers through unfavorable interest rates,

unfettered access to personal data, and unethical debt collection techniques.

Digital lending is expanding access to credit for underserved communities, particularly in rural areas(22],
There is evidence of regional disparities in loan accessibility and default behavior between urban and
rural-based borrowers. Digital credit costs are comparable to traditional bank lending rates. Factors
influencing digital loan uptake include employment status and loan application processes, with age and
loan considerations having less significant effects!23]. Evidence demonstrates a high demand for digital
loans, particularly among low-income earners and micro-entrepreneurs, owing to their accessibility

and speed compared to traditional banking systems.

Unfortunately, default rates in the country's digital lending space have been a growing concern. High
interest rates, limited financial literacy, and unemployment have been linked to increased default

probabilities. Besides, concerns about predatory lending practices by digital lenders persist due to weak

consumer protection and low financial literacy among borrowers(24),

2.3. Hypotheses Formulation

The formulation of hypotheses provides a structured framework for investigating the relationships
between borrower characteristics and the likelihood of loan default. The hypotheses are grounded in
theoretical insights and contextual factors particular to the Kenyan digital lending market. The factors
considered, namely, age, repayment term, interest rate, and place of residence (rural or urban), are
important in understanding borrower behavior and risk assessment. The study seeks to test the absence
of significant relationships, providing a rigorous foundation for analysis and interpretation by focusing

on null hypotheses.
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= H,: The age of a borrower on digital platforms does not significantly affect the likelihood of loan default.

Research on age and financial decision-making reveals complex relationships. Whereas some studies
demonstrate that financial sophistication peaks in the early 50s, others suggest that basic financial skills
remain stable or improve with age. However, more complex financial decisions are challenging for older
adults. Age-related cognitive decline is associated with decreased financial literacy and numeracy231, Be
that as it may, older adults often benefit from greater experience-based knowledge and lower negative

emotions about financial decisions, which can positively impact their decision-making.

However, within the context of this study, the null hypothesis assumes no significant difference in

default likelihood across age groups.
= H,: The repayment term (period) of digital loans has no meaningful effect on the likelihood of loan default.

Digital loan repayment periods significantly impact borrower behavior and loan outcomes. The findings
of a Mexican study suggest that shorter repayment periods can lead to higher default rates'2]. Likewise,
in Kenya, small businesses prefer longer repayment periods, allowing for better cash flow management
and increased loan uptakel28], This hypothesis assumes no impact from repayment term duration,
serving as a baseline for testing this variable. The null hypothesis assumes no impact from repayment

term duration, serving as a baseline for testing this variable.

= Hj: The cost of digital credit (Interest rate) substantially impacts the likelihood of loan default by the

borrower.

Research suggests a positive relationship between loan interest rates and default probability. Higher
interest rates increase loan default probability, particularly for business borrowers with low profit
margins. Likewise, lower base interest rates can lead banks to lend to riskier borrowers, potentially
increasing default rates27], Although higher interest rates may exacerbate default risks, the null
hypothesis posits no significant relationship between interest rates and default behavior, ensuring an

unbiased examination of this variable.
= H,: Place of residence, whether rural or urban, does not significantly influence the likelihood of loan default.

Place of residence is a proxy for access to financial resources and economic opportunities. While urban
borrowers might enjoy greater financial inclusion, rural borrowers could face unique hurdles. The null

hypothesis assumes no significant differences in default rates between rural and urban residents.
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3. Methodology

3.1. Data Collection

3.1.1. Description of the Questionnaire and Data Collection Process

The data for this study were collected through an online survey targeting individuals who have used
digital lending platforms, specifically mobile phone-based platforms, in Kenya. The questionnaire was
structured to capture quantitative and qualitative information concerning the borrowing behavior,
demographic characteristics, and perceptions of digital lending users. The survey instrument included
closed-ended questions focusing on key aspects of digital lending, including demographic information,

economic background, loan details, credit scoring, repayment behavior, and user satisfaction.

To ensure data quality, the questionnaire underwent pre-testing with a small group of respondents
(approximately 10) to pinpoint and handle ambiguities in question phrasing or structure. Based on the
feedback, minor revisions were made to improve the tool’s clarity. Data collection was conducted over
one month using a secure online platform, ensuring the anonymity and confidentiality of responses. The
tool had a screening question; respondents who had never used digital lending platforms were

terminated from the survey.

3.1.2. Sample Techniques and Size

The study employed a purposive sampling technique to target respondents with prior experience using
digital lending platforms. This approach was necessitated by the study's focus on understanding loan
default determinants in the context of digital borrowing. A total of 283 responses were initially collected.
However, after applying a filtering question to exclude individuals who had not used digital lending

services, the dataset was reduced to 161 valid responses.

The sample size of 161 respondents is sufficient to provide meaningful insights into the study’s research
questions while accounting for the statistical power required for the econometric analysis. Respondents
were distributed across different demographic groups, including urban and rural residents, to capture

diverse perspectives.

3.1.3. Ethical Considerations in Data Collection

Ethical considerations were integral to the data collection process. Respondents were provided with an

information sheet detailing the study’s purpose, rights, and measures taken to ensure data
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confidentiality. Informed consent was obtained before respondents participated in the survey, with
assurance that their data would only be used for academic research purposes and stored securely to
prevent unauthorized access. The study also adhered to the principles outlined in the General Data

Protection Regulation (GDPR) and similar local laws governing data protection and privacy, as suggested

by other researchers[27],

3.2. Variable Description

The study focused on variables derived from the literature and contextual understanding of digital
lending platforms in Kenya. The dependent variable is Loan Default (Binary: 0 = No Default, 1 = Default).
This variable captures whether a respondent had defaulted on a loan taken via digital lending platforms.
This binary outcome is critical in modeling the factors influencing loan repayment behavior. There are

four independent factors in this study. Age represents the respondent's age in years.

Age was hypothesized to influence loan repayment ability, as younger individuals might have different
financial behaviors than older ones. Repayment Term indicates the duration of the loan repayment
period in months. This variable measures the flexibility of repayment schedules and their association
with default likelihood. Place of Residence (Categorical: Rural = 0, Urban = 1) shows whether the
respondent resides in a rural or urban area. This variable reflects access to financial resources and
economic opportunities, which may affect repayment capacity. The last predictor is the interest rate
charged on loans as a percentage. Higher interest rates were hypothesized to increase the probability of

default.

3.3. Econometric Modeling Approach

3.3.1. Model Specification

The primary objective of the econometric analysis was to identify factors influencing loan default among
users of digital lending platforms. The study adopted the probit model to predict digital loan default. The
independent variable (Loan default) is dichotomous, making the Probit model ideal for probability
estimation. The Probit model provides a way to compute marginal effects, allowing for intuitive
interpretations of the practical significance of predictor variables. The technique aligns with prior

research on binary financial outcomes such as default behavior and credit risk modeling. The model has

been adopted in finance and economics[28l.

The Probit model estimates the probability (¥;) of loan default as:
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v = / 1 if the borrower defaults on the loan,
Otherwise.

The latent variable model underlying the probit regression is given by:
Y* = (B, + B1Age + By Repayment Term + B3 Place of Residence + B4Interes Rate + ¢;) (2)
Where:
a. Y; x: the unobserved continuous latent variable that determines loan default
b. B,: the intercept,

C. Bo, B1, B2y Bs,, By: the coefficients associated with explanatory variables.

d. €;: The error term is assumed to follow a standard normal distribution.

The observed outcome, P; is related to the latent variable as follows:

1 if the borrower defaults on the loan,
=[5 . 3)
0 Otherwise
if P* >0,
Y, — / 1 if @)
0 1 f Px <0.

The probability of loan default is modeled as follows:
P(Y; =1|X;) = ¢ (B, + B1Age + B2 Repayment Rate + B3 Place of Residence + ByInterest rate) (5)

Where @(-) represents the cumulative distribution function (CDF) of the standard normal distribution.

3.3.2. Marginal Effects
The marginal effects, derived from the probit model, quantify the impact of a one-unit change in an
independent variable on the probability of loan default. For continuous variables, the marginal effect is:

oP(Y; =1/X;)

om0 (xi8) 5 0

Where ¢(-) is the probability density function (PDF) of the standard normal distribution and g; is the
coefficient of the j** independent variable. For binary independent variables, the marginal effect is given

as:
P=(Y, =1Xy=,X,5)- (Y, =1|X;y=0,X,_;) (7)

Where X;_; denotes all other covariates held constant.
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3.3.3. Model Estimation

The study estimated the model using maximum likelihood estimation (MLE), which optimizes the log-

likelihood function:
N ! !
InL = Y [Yiln(g (X;8)) + (1 - Y1) In(1 — ¢ (X;8))], (8)
i=1
Where N is the total number of observations.

3.3.4. Robustness Checks

Robustness checks were conducted to ensure the model’s reliability. Specifically, the variance inflation
factor (VIF) was calculated to confirm the absence of multicollinearity issues among independent

variables. Moreover, robust standard errors were estimated using the Huber-White sandwich estimator.
.. Results

4.1. Descriptive Statistics

The dataset comprises 161 valid responses from an online survey targeting users of digital lending
services. The survey initially attracted 280 responses. However, responses from individuals who
indicated they had never used digital lending services were terminated at an initial screening question to
focus exclusively on relevant participants. This filtering ensured the study’s findings directly apply to

users with firsthand experience of such platforms.

Table 1 presents key descriptive statistics for selected variables used in the analysis. Continuous variables
were summarized using central tendency (mean, median), dispersion (standard deviation, minimum,
maximum), and correlation. Frequency distribution and proportion are used for categorical ones. The
average respondent age is approximately 35 years, with most respondents between 21 and 65. The
repayment period ranges from 1 to 12 months, with an average duration of 6.8 months. Interest rates
range between 10 percent and 30 percent, with a mean of 18.5 percent, suggesting considerable variation

in borrowing terms across respondents.

Additionally, the table summarizes the distribution of participants by their place of residence, revealing
that a significant majority (73.91%) reside in urban areas, with only 26.09% in rural regions. These

statistics provide an overview of the sample characteristics and lay the groundwork for understanding
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the subsequent analytical results. This distribution highlights the dominance of urban respondents in

the sample, suggesting the higher adoption of digital lending platforms in urban areas.

Variable, N = 161 Mean Std. Dev. [ Min | Median | Max (1) (2) 3)
Age (Years) (1) 35.4 10.2 21 34 65 1
Term (Months) (2) 12.12 9.54 1 6 12 -0.155 1
Interest (Monthly %) (3) 18.5 5.2 10 18 30 0.051 -0.012 1
Place of Residence Proportion (%)
a) Rural 42
b) Urban 119

Table 1. Descriptive Statistics

(1)—Age, (2) —Repayment Term, (3)—Interest Rate

Other variables, such as monthly income, loan amount, and awareness of credit scores, were initially
considered but excluded from the final model due to multicollinearity or statistical insignificance.
Nevertheless, these descriptive insights from the tables serve as a foundation for the econometric

analysis, helping to contextualize the relationships examined in the subsequent sections.

4.2. Probit Model Estimation

The Probit regression results suggest that Age, Repayment Term, and Place of Residence are significant
predictors of loan default behavior. At the same time, Interest Rate has no statistically significant
relationship with loan default. The detailed results are presented in Table 2 below, showing the

estimated coefficients, standard errors, z-values, p-values, and significance levels.
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Variable Estimate Std. Error z-value p-value
Intercept -0.313 0.564 -0.555 0.578
Age 0.028%* 0.012 2.226 0.026
Interest Rate 0.010 0.012 0.820 0.412
Repayment Term -0.254%* 0.101 -2.504 0.012
Place of Residence (Urban) -0.650% 0.320 -2.032 0.042

Table 2. Probit Regression Output

*Signiﬁcance levels: *p < 0.05.

The coefficient for Age (81 = 0.028, p = 0.026) is statistically significant—the positive relationship
suggests that as the borrower’s age increases, the likelihood of loan default slightly increases. This could
be attributed to older individuals facing higher financial pressures, or it could reflect a cohort effect
where older borrowers may have different repayment behavior than younger borrowers. The coefficient
for Place of Residence (82 = —0.650, p = 0.042) indicates statistical significance at 5%. The negative
coefficient suggests that borrowers in urban areas are less likely to default than in rural settings. This
could reflect greater financial stability in urban areas due to better access to income-generating

opportunities or financial services found in such places than in rural areas.

The coefficient for Interest Rate or the cost of digital loans (83 = 0.010, p = 0.412) suggests that the
variable is not statistically significant in predicting loan default. This implies that, within this model, the
interest rate has no strong effect on the likelihood of loan default. This finding could be surprising, as
one might expect higher interest rates to increase default risk; however, this relationship may not hold
in this dataset or be masked by other variables in the current model. The coefficient for Place of
Residence (8; = —0.650, p = 0.042) indicates statistical significance at 5%. The negative coefficient
suggests that borrowers in urban areas are less likely to default than in rural settings. This could reflect
greater financial stability in urban areas due to better access to income-generating opportunities or

financial services found in such places than in rural areas.
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The Probit model provides valuable insights into the factors influencing loan default behavior. Among
the variables tested, Age, Repayment Term, and Place of Residence show significant relationships with
the likelihood of loan default, while Interest Rate does not. These findings contribute to a better
understanding of the dynamics behind loan default and can inform lending policies to reduce default

risks.

4.3. Marginal Effects Analysis

While the Probit model estimates the likelihood of loan default based on various explanatory variables,
the marginal effects provide a more intuitive understanding of how changes in these variables impact
the probability of loan default. The marginal effects reflect the change in the probability of the
dependent variable (loan default) for a one-unit change in the independent variable, holding all other

variables constant. This allows for a clearer interpretation of the practical significance of each predictor.

4.3.1. Model Results and Interpretation

The marginal effects were calculated to assess how the predictors influence the probability of loan
default. The results are presented in Table 3, which includes the average marginal effects (AME),

standard errors, z-values, p-values, and significance levels.

Variable AME Std. Error z-value p-value
Age 0.0091 0.0039 2.343 0.019
Interest Rate 0.0032 0.0038 0.825 0.409
Repayment Term -0.0834 0.0316 -2.638 0.008
Place of Residence (Urban) -0.2136 0.1008 -2.119 0.034

Table 3. Marginal Effects Output

AME denotes Average Marginal Effect; *Significance levels: **p <0.01,p < 0.05.

The marginal effect of Age (0.009) implies that for each additional year of age, the probability of loan

default increases by 0.91%. This positive effect indicates that older individuals are more likely to default
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on loans, holding other factors constant. While the increase in default probability per year is small, it is
statistically significant (p = 0.019), suggesting a meaningful relationship between age and loan default
behavior. The marginal effect for Interest Rate (0.003) illustrates that for each one percentage point
increase in the interest rate, the probability of loan default increases by only 0.32%. However, the (p =
0.409) suggests that this effect is not statistically significant, implying that Interest Rate has no
meaningful impact on loan default probability when other variables are considered. The finding is

consistent with the Probit model results, where Interest Rate did not emerge as a significant predictor.

The marginal effect for the Repayment Term (-0.083) indicates that for each additional unit increase in
the repayment term, the probability of loan default decreases by 8.34%. This negative relationship
suggests that longer repayment periods reduce the likelihood of default because they allow borrowers
more time to manage repayment and avoid defaulting on their loans. The effect is statistically significant
(p = 0.008), reinforcing the Repayment Term’s importance in reducing the likelihood of loan default. The
marginal effect for Place of Residence (-0.214) suggests that urban residency lowers the probability of
loan default by 21.36% compared to the rural one. This significant negative effect (p = 0.034) indicates
that urban borrowers are substantially less likely to default on their loans than rural borrowers,
potentially due to better access to financial resources, job opportunities, and other forms of economic

stability available in urban settings than in rural ones.

The marginal effects analysis provides a deeper understanding of the practical implications of the Probit
model results. The findings show that Age, Repayment Term, and Place of Residence are significant
determinants of loan default. Age enhances the likelihood of default, while longer repayment terms and
urban residence significantly reduce the probability of default. The Interest Rate's non-significance in
the marginal effects analysis supports the earlier Probit model results, indicating that Interest Rates

have no substantial impact on default behavior.

These marginal effects are crucial for understanding how each factor directly influences the probability
of loan default in practical terms. They assist policymakers and lenders in developing targeted

interventions more effectively to reduce default levels.

4.4. Robustness Checks

Table 4 represents the results of checks to confirm that the findings are not sensitive to model

specifications, estimation methods, or potential data irregularities.
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4.4.1. Likelihood Ratio Test

The likelihood ratio test compared the full probit model (with all key variables) to a nested model that
excluded secondary variables. The Chi-Square statistic = 0.00 and p = 1.00 suggest no improvement in
model fit between the two specifications. Thus, additional terms do not significantly enhance the
model’s explanatory power. As a result, the refined model remains the preferred specification for

analysis due to its parsimony and interpretability.

Robustness Check Metric Value 95% CI Interpretation

Chi-Square No improvement between the full

Likelihood Ratio Test 0.00 -

Statistic and nested models (p = 1.00).
Reasonable predictive performance,
[61.2%,
Cross-Validation (5-fold) Accuracy 65.8% highlighting out-of-sample
70.4%]
stability.
[0.14, Moderate agreement between
Kappa 0.21
0.24] predicted and actual classifications.
Age: 2.455, Robust to potential
Heteroskedasticity-Robust
Z-Statistic | Rep Term: -2.561 - heteroskedasticity, confirming the
Standard Errors
Residence: -2.068 reliability of results.
Alternative Model Consistent coefficients and
Log-

Specification (Nested -93.039 - significance levels with the refined

Likelihood
Model) model.

Table 4. Robustness Checks Results

CI—Confidence Interval; Rep Term—Repayment Term; Residence—Place of Residence

4.4.2. Cross-Validation

A 5-fold cross-validation procedure was employed to evaluate the probit model's predictive
performance. The results yielded an average accuracy of 65.8% (at 95% CI = 61.2%—70.4%). The findings

suggest reasonable predictive ability for out-of-sample data. The moderate Kappa statistic (0.21) reflects
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the model's ability to distinguish between loan default and non-default cases beyond random chance.
The cross-validation results highlight the model’s practical utility in classification tasks and ensure that

the findings are generalizable to other samples beyond the current dataset.

4.4.3. Heteroskedasticity Checks

Robust standard errors were calculated using the heteroskedasticity-consistent covariance matrix
estimator (HCo) method to account for potential heteroskedasticity in the data. These robust errors
confirmed the statistical significance of key variables: Age positively affects loan default probability (z =
2.455, p < 0.05) while Repayment Term (z = -2.561, p < 0.05) and Place of Residence—Urban (z = -2.068, p
< 0.05) are negatively associated with default. The consistency of results with robust standard errors

underscores the reliability of the findings, even in the presence of potential heteroskedasticity.

4.4.4. Alternative Model Specification

A nested model was fitted to assess whether excluding specific variables would alter the results. The log-
likelihood value for the nested model (-93.039) is identical to the refined model, suggesting no loss in
model fit. Coefficients for the primary predictors remained consistent in magnitude and statistical

significance, reinforcing the robustness of the refined model specification.

Therefore, the robustness checks demonstrate that the probit model is well-specified and produces
reliable estimates. The likelihood ratio test confirms the sufficiency of the refined model, while cross-
validation indicates its practical predictive utility. Adjusting for heteroskedasticity ensures the validity of

significance tests, and alternative specifications highlight the stability of the results.

4.4.5. A note about the Hypotheses

The first hypothesis postulated that age does not significantly affect the likelihood of loan default. The
findings indicate that age substantially influences the likelihood of loan default, with older borrowers
more likely to default than younger borrowers. Therefore, the study rejects the null hypothesis. This
suggests that age is an important variable for digital lending platforms when assessing default risk. The
second hypothesis stated that the repayment term does not significantly affect the likelihood of loan
default. The analysis shows that the repayment term is associated substantially with loan default.
Borrowers with longer repayment terms were less likely to default than those with shorter terms. Hence,

the null hypothesis is rejected.
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The third hypothesis states that interest rate substantially affects the likelihood of loan default. The
results confirm that interest has no impact on default likelihood. Consequently, the study fails to reject
the null hypothesis. The last one hypothesized that the place of residence does not significantly affect
the likelihood of loan default. The analysis demonstrates that place of residence substantially affects
loan default. Borrowers in rural areas have a higher default probability than urban residents, possibly
due to limited access to financial resources and economic opportunities. Thus, the null hypothesis fails

to hold.

5. Discussion

5.1. Implications of Findings

The probit regression model and marginal effects findings offer critical insights into the factors

influencing loan default in digital lending platforms.

The positive correlation between age and loan default suggests that older individuals may be more likely
to default. This may be attributed to decreased income stability, health-related issues, or a preference
for less formal financial arrangements. For digital lending platforms, the finding demonstrates the
significance of designing more tailored loan products for older borrowers, such as lower amounts or
extended repayment terms, to minimize default risk. Digital lenders might also consider offering

financial literacy programs targeted at older borrowers, ensuring they comprehend the implications of

digital borrowing. These findings mirror similar results in the Tanzanian market(&],

The negative association between urban residence and loan default is significant, indicating that
borrowers in urban areas have a lower probability of defaulting on loans. This is consistent with the idea
that urban residents may have better access to steady income sources, higher financial literacy, and
more diversified economic opportunities than their rural counterparts. This could imply the need to
develop differentiated strategies for rural and urban clients for digital lending platforms. Rural
borrowers may face more hurdles related to income stability and access to credit, leading to higher

default rates. Thus, platforms targeting rural areas should offer more flexible repayment schedules or
risk-adjusted loan conditions. The findings contrast those by Burlando et al.l12] on a contextual basis.

The significant negative impact of repayment terms on loan default suggests that longer repayment
periods are associated with lower default probabilities. The finding aligns with financial theory, which
posits that extended periods provide borrowers with more manageable repayment schedules, lowering

the likelihood of default. Digital lending platforms may adopt this insight to offer more customized
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repayment terms based on the borrower’s financial ability. Shorter repayment terms might be more

suitable for borrowers with stable incomes, whereas longer terms could be ideal for those in precarious

economic situations. The findings are supported by existing literature in the Kenyan Market[26],

5.2. Insights into the Significance of Variables

The significant effect of age on loan default suggests that financial institutions should carefully consider
the demographics of their borrowers. Older customers may face specific hurdles that increase their
likelihood of default, including fixed incomes, health issues, and less familiarity with digital platforms.
With digital lending becoming more prevalent, platforms may need to implement strategies to address
the needs of older borrowers, such as financial programs and tailored loan products. Understanding age-

related risk factors will also assist digital lenders in designing risk-adjusted interest rates.

Besides, the effect of place of residence further underscores the importance of geographic and socio-
economic factors in predicting loan default. A lower probability of loan default for urban residents may
indicate their access to well-paying jobs and more formal financial services. Contrarily, rural borrowers
often have limited access to financial products and more irregular incomes, which face a higher risk of
default. This highlights the need for digital lending platforms to adjust their loan offerings based on the
residence location of their clients. For instance, digital lenders targeting rural-based customers might

benefit from offering smaller loan amounts with flexible repayment schedules and personalized support.

Be that as it may, the significant negative relationship between repayment period and loan default
reinforces the importance of providing flexible repayment plans that accommodate the financial
capabilities of digital borrowers. A longer repayment term allows customers to spread out their
payments, reducing the strain on their cash flow and lowering the chances of default. Digital lending
platforms may consider providing more flexible lending options, with varying repayment schedules
based on the individual borrower’s ability to repay. Tailored repayment periods can also reduce the risk

of borrowers defaulting and enhance their satisfaction with the platform’s services.

Finally, there was no strong relationship between interest rates and digital loan default, suggesting that
credit access is prioritized over cost. These results lend confidence to the model's utilization in
informing policy decisions, such as tailoring digital lending strategies to demographic and
socioeconomic characteristics (e.g., age and place of residence). The robustness of the results supports

their application in real-world decision-making and further academic research.
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6. Conclusion

The study explored the determinants of loan default among users of digital lending platforms in Kenya,
focusing on key factors like age, repayment term, interest rate, and place of residence. The findings
demonstrated that age significantly influences digital loan default behavior, with older borrowers
exhibiting a higher likelihood of default. Similarly, repayment terms (period) emerged as a significant
determinant, where longer terms reduced the probability of default. The place of residence, specifically
rural areas, was also found to increase default risk, underpinning the impact of geographic disparities on
credit performance. Conversely, interest rates had no meaningful effect on loan default, suggesting that

borrowers prioritize access to credit over cost considerations in the digital lending context.

The results have important implications for various stakeholders in the digital lending ecosystem.
Digital lenders should consider demographic and geographic factors in credit risk assessment. Tailored
strategies, like flexible repayment terms and localized risk assessments for rural borrowers, help
mitigate default risks. Given the increasing penetration of digital lending platforms, regulatory
structures should ensure that credit products are designed to balance financial inclusion with
responsible lending practices. Policies promoting financial literacy among older borrowers and rural
populations could help reduce default rates. As an investor, grasping the determinants of loan default

can help assess the risk profile of digital lending portfolios and inform investment decisions.

While this study provides valuable insights, certain limitations should be noted. The reliance on self-
reported survey data introduces the potential for response bias, especially regarding sensitive financial
information. The data were collected at a specific time, and evolving market dynamics or economic
conditions may affect borrowing behavior over time. Specific factors, such as income stability, education
level, and behavioral traits, were excluded from the analysis and could have contributed to default
behavior. Future research could explore other areas like diverse regional contexts, which could validate
the findings and provide a more comprehensive understanding of default determinants. Also, behavioral
and psychometric variables in credit risk models should be considered for deeper insights into borrower

decision-making.

In conclusion, this study underscores the significance of demographic and geographic factors in shaping
loan default behavior within the digital lending ecosystem. By addressing the limitations and leveraging
the findings, stakeholders can promote responsible lending practices, boost financial inclusion, and

strengthen the sustainability of digital lending platforms.
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Notes

JEL Codes: G1, G2, 01, 03
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