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Abstract: 

This study examined the effect of customer financial profiles on loan repayment strategy effectiveness 

and loan default tendency among active borrowers of licensed microfinance banks in Kwara State, 

Nigeria. A quantitative cross-sectional survey design was adopted using primary data from 214 active 

loan customers drawn from the sampling frames of participating microfinance institutions. The 

relationships were estimated using simple linear regression and binary logistic regression, with the 

composite customer financial profile constructed as an equally weighted index of income stability, 

financial behaviour, and financial education. The composite customer financial profile had a positive and 

statistically significant effect on loan repayment strategy effectiveness indicating that systematic 

borrower profiling improves the alignment between loan terms and repayment capacity. The composite 

profile also had a negative and statistically significant effect on loan default tendency, with an odds ratio 

of 0.325, meaning a one-unit increase in the profile score reduces the odds of default by approximately 

67.5 per cent. The study concludes that customer financial profiling is not merely a data-collection 

exercise but a core risk management instrument with measurable portfolio quality consequences. 

Microfinance institutions in Kwara State that integrate structured profiling across income stability, 

financial behaviour, and financial education into their credit appraisal processes can reduce information 

asymmetry, improve repayment strategy alignment, and lower default rates without requiring additional 

capital or regulatory changes. Loan officers, audit committees, and prudential authorities should 

prioritise the assessment of behavioural indicators and financial knowledge alongside income stability 

and consider minimum profiling standards for the microfinance subsector. 
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Introduction 

At the point of loan origination, microfinance institutions face a problem that is fundamentally 

informational. The institution must decide how much to lend, on what terms, and with what repayment 

schedule, decisions whose quality depend entirely on how accurately the institution can assess the 

borrower's capacity and disposition to repay. Yet the credit appraisal tools most commonly deployed by 

microfinance banks in developing economies, loan officer field visits, group liability arrangements, 

collateral substitutes such as household asset inventories, capture only a partial picture of the borrower's 

financial reality (Armendariz & Morduch, 2010; D'Espallier et al., 2020). They observe assets and social 

relationships but rarely construct a systematic financial profile of the borrower: the regularity and 

adequacy of their income stream relative to proposed obligations, the quality of their financial 

management practices, the depth of their financial knowledge, and the degree to which their current 

debt exposure is manageable. When these critical dimensions of borrower financial capacity go 

unmeasured at origination, the institution assumes risks it has not quantified, and those risks materialise 

as default (Akerlof, 1970; Tchuigoua, 2023). 

This information gap reflects a structural feature of microfinance risk management that the literature has 

characterised as underdeveloped relative to conventional banking, where credit scoring models, 

financial statement analysis, and behavioural data from prior credit relationships provide the 

informational infrastructure for risk-differentiated lending decisions (Blanco et al., 2023; Dorfleitner et 

al., 2021). In the absence of comparable profiling infrastructure, microfinance institutions make lending 

decisions that conflate borrowers with substantially different risk profiles under the same product terms, 

creating portfolios whose default rates reflect unresolved heterogeneity in borrower financial capacity 

rather than genuine repayment culture problems (D'Espallier et al., 2020; Tchuigoua, 2023). Customer 

financial profiling, the systematic characterisation of borrowers according to measurable financial 

characteristics including income stability, financial behaviour, and financial education, provides the 

informational foundation that microfinance risk management currently lacks. Building this foundation into 

credit appraisal and loan-structuring processes would reduce default rates and improve portfolio 

sustainability without requiring institutional capital increases or regulatory changes. 

In Nigeria, this credit appraisal gap has direct and documented consequences. The Central Bank of 

Nigeria's data on microfinance sector performance confirm persistently elevated non-performing loan 

ratios across the sector's licensed institutions, with the problem most acute among unit microfinance 

banks serving rural and peri-urban clienteles whose financial characteristics are most heterogeneous 

and least systematically assessed (CBN, 2022; Osuma et al., 2025). Asongu and Nwachukwu (2021), 

examining financial inclusion and risk outcomes across African economies, found that the absence of 

structured borrower assessment mechanisms was a consistently significant predictor of microfinance 
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portfolio stress, and that institutions incorporating financial behaviour indicators into their credit appraisal 

processes recorded lower default rates and more stable liquidity positions. Nigeria's persistent portfolio 

quality challenges are therefore at least partly explicable as the downstream consequence of upstream 

profiling inadequacy, a credit risk architecture problem rather than simply a repayment culture failure on 

the borrower side. 

In Kwara State, the empirical record is consistent with this diagnosis. Abdulrauf et al. (2024) documented 

that credit assessment processes in the state's microfinance banks did not systematically account for 

borrower income characteristics, contributing to portfolio mismatches between loan structures and 

repayment capacity. Jimoh (2025) identified borrower-level financial characteristics as among the 

underexamined determinants of repayment outcomes in the state, noting that the local literature has 

concentrated disproportionately on institutional and regulatory explanations while leaving the risk-

profiling dimension of credit management relatively unexplored. Oyasor's (2024) finding that financial 

literacy and financial management deficits among Kwara microfinance borrowers constrain both 

enterprise growth and loan repayment provides further grounds for treating borrower financial 

characteristics as actionable risk variables, not merely background demographic factors. 

Literature Review 

Risk Management in Microfinance: Scope and Institutional Dimensions 

Microfinance institutions operate in information environments where most of their clients lack formal 

financial records, income documentation, and prior credit histories. The risk management innovations 

that emerged to address this constraint, group lending, progressive loan sizing, compulsory savings 

requirements, were primarily social and institutional in character, substituting community accountability 

mechanisms for financial data as the basis of credit decisions (Armendariz & Morduch, 2010). These 

mechanisms extended credit to previously excluded populations, but their effectiveness as default 

prevention tools has been uneven. Group lending performance declines when social cohesion within 

borrower groups is weak, when members lack sufficient information about each other's financial 

conditions, or when systemic income shocks affect all group members simultaneously, conditions that 

are common in the Nigerian microfinance context (D'Espallier et al., 2020; Ahlin & Townsend, 2007). 

Dorfleitner et al. (2021), examining alternative credit data in fintech and microfinance lending, found that 

behavioural financial variables outperformed demographic and asset-based variables as predictors of 

loan performance, implying that what borrowers do financially is a stronger signal of repayment capacity 

than what they own or who vouches for them socially. 

The response to the limitations of group-based mechanisms in recent literature has been a turn toward 

individual financial profiling as a complementary risk assessment approach. Blanco and Oliver (2023) 
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document the growing adoption of financial behaviour scoring in microfinance credit appraisal, finding 

that institutions incorporating individual-level financial management indicators into their credit models 

recorded significantly more accurate predictions of repayment performance. Tchuigoua (2023) extends 

this analysis to operational risk in sub-Saharan African microfinance institutions, finding that the absence 

of structured borrower profiling protocols was independently associated with higher non-performing loan 

ratios, controlling for loan size, sector, and institutional age. Adem and Seid (2021), examining credit 

scoring instruments adapted for microfinance in an African setting, found that profiling tools built around 

income stability, savings behaviour, and financial knowledge variables produced risk classifications with 

meaningful predictive accuracy for institutions operating outside formal credit bureau environments. 

Cumulative evidence positions customer financial profiling as a risk management intervention with 

measurable portfolio quality consequences, not merely a data collection formality. 

Theoretical Framework 

Agency Theory 

Jensen and Meckling's (1976) agency theory provides the primary theoretical foundation for this study's 

focus on pre-disbursement risk assessment. The theory analyses the relationship between a principal, 

the microfinance institution as lender, and an agent, the borrower, whose financial conditions and post-

disbursement behaviour the principal cannot fully observe. Two categories of risk arise from this 

information asymmetry. Adverse selection arises before the contract is signed: without systematic 

profiling, lending decisions are made because of incomplete information, meaning that borrowers with 

structurally incompatible financial profiles may receive loan terms designed for stronger borrowers 

(Jensen & Meckling, 1976; Akerlof, 1970). In credit markets, this problem is compounded by the 

tendency of information asymmetry to produce credit rationing, where lenders unable to distinguish 

borrower risk levels may withdraw credit from entire segments of the market rather than price it 

differentially, a dynamic that Stiglitz and Weiss (1981) identified as a systemic consequence of imperfect 

borrower information and that systematic profiling can help resolve by improving risk differentiation at 

the individual level. Moral hazard arises after the contract is signed: once funds are disbursed, 

monitoring is costly and imperfect, creating conditions under which borrower behaviour can diverge from 

the lender's interests (Jensen & Meckling, 1976). 

The relevance of agency theory to customer financial profiling operates at two points in the lending 

cycle. At the pre-contract stage, systematic profiling addresses the adverse selection problem by 

enriching the lender's information about borrower risk characteristics, income stability, financial 

management practices, educational level, that observable demographics cannot capture. This 

informational enrichment reduces the probability of extending credit to borrowers whose financial profiles 

are structurally incompatible with proposed repayment terms (Akerlof, 1970; Blanco et al., 2023). At the 
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post-contract stage, profile data established at origination can support monitoring frameworks tailored 

to individual borrower risk levels, enabling earlier intervention at the first signs of repayment stress, a 

graduated monitoring approach that addresses moral hazard more efficiently than uniform post-

disbursement supervision applied identically across the portfolio (Jensen & Meckling, 1976; Tchuigoua, 

2023). 

Credit Risk Assessment Framework 

The credit risk assessment framework, as adapted for microfinance application, organises the 

determinants of default probability around three analytical dimensions: the borrower's capacity to repay, 

reflecting the financial resources available relative to scheduled obligations; the borrower's character or 

willingness to repay, reflecting attitudinal and behavioural dispositions toward debt obligations; and the 

conditions under which the loan operates, including the income environment and institutional support 

available (Blanco et al., 2023; Dorfleitner et al., 2021). In conventional banking, these dimensions are 

assessed through credit scores, financial statements, and credit bureau records. In microfinance, they 

must be assessed through alternative indicators because conventional financial records are unavailable 

for most clients. Customer financial profiling provides the alternative measurement architecture: income 

stability operationalises capacity; financial behaviour and debt management practices operationalise 

character; and financial education and contextual factors operationalise conditions (Asongu & 

Nwachukwu, 2021; Dorfleitner et al., 2021). By aligning profiling instruments with these three established 

credit risk dimensions, microfinance institutions can construct a risk assessment architecture that is 

methodologically coherent with established credit risk theory even when the underlying data sources 

differ from those available in conventional lending environments. 

Customer Financial Profiles as Risk Management Instruments 

A customer financial profile, as used in this study, denotes a structured characterisation of a borrower's 

financial position constructed from observable indicators across three dimensions: income stability, 

financial behaviour, and financial education. Research across a range of microfinance environments has 

demonstrated that borrowers with stronger financial profiles consistently record lower default rates and 

more favourable repayment trajectories than those with weaker profiles, even after controlling loan size 

and collateral (D'Espallier et al., 2020). The profile is therefore a predictive instrument whose accuracy 

in identifying high-risk borrowers before disbursement determines the quality of lending decisions built 

upon it. 

The mechanism through which profiling improves risk management outcomes operates at two points in 

the lending cycle. At origination, profile data inform loan product design: a borrower with volatile 

seasonal income and weak budgeting practices represents a different risk configuration from one with 

stable salaried income and documented savings habits, and requires a different loan structure, smaller 
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instalments, harvest-aligned repayment schedules, or mandatory savings components, to achieve 

comparable repayment performance (Nawai & Shariff, 2012; Tchuigoua, 2023). At the monitoring stage, 

profile data establish a baseline against which changes in borrower financial condition can be assessed, 

enabling early identification of emerging repayment stress before it escalates to default (Dorfleitner et 

al., 2021). This two-stage value of financial profiling, shaping product terms before disbursement and 

guiding monitoring decisions after, distinguishes it from collateral-based risk mitigation, which addresses 

neither stage but instead attempts to recover losses after default has already occurred. 

Income Stability as a Credit Risk Profile Variable 

Income stability occupies a central position in customer financial profiles for microfinance risk 

management because it directly determines the borrower's structural capacity to service scheduled debt 

obligations across the full loan cycle. Borrowers whose income is regular, predictable, and adequate 

relative to proposed instalments can meet repayment schedules with structural reliability; those whose 

income is seasonal, volatile, or frequently disrupted by household shocks carry a default risk embedded 

in their income profile rather than in their financial intentions or management quality (Friedman, 1957; 

Ssebagala, 2020). This distinction matters because income-driven default requires a different 

institutional response from behaviour-driven default: the former calls for product design solutions, 

repayment schedule restructuring, loan sizing calibration, income-smoothing products, while the latter 

calls for capability-building solutions such as financial education and budgeting support (Kurnia et al., 

2021; Nawai & Shariff, 2012). 

Empirical evidence on income stability as a credit risk variable is consistent in direction. Dorfleitner et 

al. (2021) found that income source type, whether employment-based, business-based, or agricultural, 

was a significant predictor of loan performance in a large sample of microfinance borrowers, with 

agricultural borrowers recording higher default volatility tracking seasonal income cycles. Their analysis 

implies that income source profiling at origination would enable institutions to design repayment 

schedules accommodating known seasonal cash-flow patterns rather than imposing uniform monthly 

instalments structurally incompatible with agricultural income timing. Ssebagala (2020) demonstrated 

that income volatility independently elevated debt default probability among South African households 

even after controlling for income level, supporting the claim that it is the predictability rather than the 

magnitude of income that determines repayment capacity in the microfinance context. In Nigeria, Osuma 

et al. (2025) identified income irregularity among MFI clients as a structural driver of the sector's non-

performing loan challenge, implying that income stability assessment is a risk management gap with 

direct portfolio quality consequences. 
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Financial Behaviour and Financial Education in Customer Risk Profiling 

Financial behaviour and financial education constitute the second and third dimensions of the customer 

financial profile examined in this study. Where income stability reflects what economic resources a 

borrower commands, financial behaviour reflects how systematically they manage those resources, a 

distinction the empirical literature has confirmed is independently consequential for repayment 

outcomes (Kaiser et al., 2022; Xiao & Porto, 2017). In credit risk terms, financial behaviour indicators, 

budgeting practice, savings regularity, existing debt management, serve as proxies for the character 

dimension of credit risk assessment: they signal the degree to which a borrower will actively manage 

financial obligations rather than allowing repayment to compete passively against unrestricted 

expenditure (Blanco et al., 2023; Jensen & Meckling, 1976). 

Mukherjee et al. (2023) provide precise recent evidence on financial behaviour as a credit risk variable, 

demonstrating that budget maintenance reduced late payment probability by 34 per cent among Indian 

microfinance borrowers relative to non-budgeters with comparable income profiles. Bongomin et al. 

(2022) extend the analysis to savings behaviour, finding that precautionary savings holding at loan 

origination was the strongest single behavioural predictor of on-schedule repayment in their Ugandan 

sample, outperforming both income level and group membership as risk indicators. Tran et al. (2023) 

add the debt management dimension, finding that borrowers who actively monitored total debt exposure 

across multiple obligations defaulted at significantly lower rates than those who accumulated debt 

passively, a finding with practical implications for multi-borrower household risk assessments in 

microfinance credit appraisal. 

Financial education, the third profile dimension, contributes to credit risk assessment through a distinct 

mechanism. Whereas financial behaviour captures what borrowers do, financial education captures 

what they understand, their awareness of interest obligations, total cost of credit, and the contractual 

consequences of default (Hasan et al., 2021; Kaiser et al., 2022). Borrowers with stronger financial 

education are better equipped to evaluate whether proposed loan terms are serviceable given their 

income conditions, reducing the probability of borrowing beyond repayment capacity at origination 

(Lusardi & Mitchell, 2014). Asongu and Nwachukwu (2021) found that financial education indicators 

were significantly associated with financial inclusion quality outcomes across African economies, with 

more financially educated populations recording better credit management performance after controlling 

for income and institutional factors. In Nigeria, Udohaya and Fifield (2025) argue explicitly that financial 

education should be integrated into credit assessment frameworks rather than treated as a standalone 

financial inclusion programme, precisely because its primary value lies in improving the quality of 

borrowing decisions made before the loan contract is signed. 
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Customer Profiling in the Nigerian and Kwara State Microfinance Context 

Nigeria's microfinance sector is characterised by a client base spanning salaried employees, seasonal 

agricultural producers, daily informal traders, and artisanal operators, whose income profiles, financial 

management practices, and financial knowledge vary substantially across and within these categories 

(CBN, 2022; Osuma et al., 2025). Applying uniform lending terms across this heterogeneous population 

without systematic profiling is analytically equivalent to pricing all borrowers at the same risk premium 

regardless of their actual risk levels, an approach that overcharges low-risk borrowers, undercharges 

high-risk borrowers, and produces a portfolio whose average default rate reflects unresolved risk 

heterogeneity rather than genuine borrower-specific assessment failure (Akerlof, 1970; Stiglitz & Weiss, 

1981). 

In Kwara State, the available empirical evidence supports the existence of precisely this profiling deficit. 

Abdulrauf et al. (2024) documented that credit assessment processes in Kwara microfinance banks did 

not systematically incorporate income stability indicators, with loan officers relying primarily on field 

observation and social reference rather than structured financial profiling. Jimoh et al. (2025) found that 

repayment outcomes across the state's microfinance portfolio were significantly more variable than 

would be predicted by loan size and sector alone, implying the presence of unobserved financial 

heterogeneity that structured profiling could partially resolve. Oyasor (2024) identified financial 

management capability as a binding constraint on microfinance client performance in Kwara, reinforcing 

the argument that financial behaviour and education are not peripheral borrower characteristics but core 

risk variables that the sector's credit appraisal infrastructure has not yet been designed to measure. 

These findings converge on the same institutional gap: the risk management infrastructure of Kwara 

State's microfinance sector lacks the profiling instruments required to translate the financial 

heterogeneity of its client base into appropriately differentiated lending and repayment strategies. 

Methodology 

Research Design  

The study employed a quantitative cross-sectional survey design to examine the relationship between 

customer financial profiles and loan repayment strategy effectiveness in microfinance banks in Kwara 

State. A cross-sectional design was appropriate because the study sought to measure variables as they 

existed at a specific point in time across a defined borrower population, without experimental 

manipulation of the conditions being studied (Creswell, 2014). The quantitative approach was consistent 

with the study's objective of testing directional hypotheses about the relationship between borrower 

financial characteristics and repayment strategy outcomes, and with the measurement instruments 
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used, structured Likert-scale questionnaire items, which produce ordinal data amenable to correlation 

and regression analysis (Blanco et al., 2023; Kurnia et al., 2021). 

Population, Sampling, and Sample Size 

The target population consisted of active loan customers of licensed microfinance banks operating in 

Kwara State who had taken at least one loan and were currently in the repayment phase at the time of 

data collection. Licensed MFIs in the state were identified from the Central Bank of Nigeria's register of 

licensed microfinance institutions (CBN, 2022). From the institutions that agreed to participate and 

provided access to their active loan customer records, a sampling frame of eligible borrowers was 

constructed. 

Simple random sampling was used to select respondents from the sampling frame, ensuring that each 

eligible borrower had an equal probability of selection (Creswell, 2014). The target sample size was 

determined using Cochran's (1977) formula for finite populations: 

n = Z²pq / e² 

Where  

• Z = 1.96 (95% confidence level) 

• p = 0.5 (assumed proportion, maximising required sample size) 

• q = 1 − p = 0.5 

• e = 0.05 (margin of error).  

This yields a minimum sample of 384 for an unknown population; adjusted for a known finite population 

of active MFI borrowers in the participating institutions, the corrected sample size was approximately 

200. The study distributed 230 questionnaires, oversampling by 15 per cent to account for expected 

non-response and invalid returns (Saunders et al., 2019). Of the 230 questionnaires administered, 214 

were validly completed and retained for analysis, giving a valid response rate of 93.0 per cent. 

Instrumentation and Variable Measurement 

Data was collected using a structured self-administered questionnaire developed by the researcher and 

adapted from instruments used in comparable microfinance financial profiling studies (Blanco et al., 

2023). The questionnaire comprised four sections: Section A covered demographic and loan profile 

characteristics; Section B measured income stability; Section C measured financial behaviour; and 

Section D measured financial education and loan repayment strategy effectiveness. Sections B through 

D used five-point Likert scales (1 = Strongly Disagree to 5 = Strongly Agree), consistent with established 

practice for measuring financial disposition and behavioural constructs in survey research (Likert, 1932). 
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Table 1 presents the variable definitions, measurement approach, and instrument specifications for the 

study constructs. 

Variable Type Notation Measurement No. of Items Scale 

Loan Repayment 

Strategy 

Effectiveness 

Dependent LRSE Mean score of Likert-scale 

items on repayment-term 

alignment and repayment 

regularity 

6 1–5 

Customer Financial 

Profile 

Independent 

(composite) 

CFP Mean index combining IS, 

FB, and FE subscales 

18 1–5 

Income Stability CFP 

dimension 

IS Regularity, predictability, 

and adequacy of income 

relative to repayment 

obligations 

6 1–5 

Financial Behaviour CFP 

dimension 

FB Budgeting discipline, 

savings practice, and debt 

management conduct 

6 1–5 

Financial Education CFP 

dimension 

FE Financial knowledge 

relevant to borrowing 

obligations and repayment 

decisions 

6 1–5 

Table 1: Variable Definition and Measurement (Source: Author's Computation (2026)) 

The Customer Financial Profile composite index was constructed as an equally weighted mean of the 

three-dimension subscales. Equal weighting was adopted on the grounds that agency theory and the 

credit risk assessment framework, as reviewed in Section 2.2, treat income stability, financial behaviour, 

and financial education as conceptually co-equal dimensions of borrower creditworthiness, with no 

theoretical basis for differential weighting in the absence of prior factor analysis evidence from the 

Nigerian microfinance context. 

Estimation Procedure and Diagnostic Tests 

All analysis was conducted using SPSS v23. Descriptive statistics were computed for all study variables 

and for borrower demographic characteristics to establish the distributional properties of the sample and 

to allow the three profile dimensions to be ranked by strength of association with the study outcome. 
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Pearson correlation analysis was conducted to examine bivariate relationships among CFP, its three 

component dimensions, and LRSE, and to screen for problematic inter-correlations among predictors. 

For the linear regression model, residuals were inspected for normality using the Shapiro-Wilk test and 

for heteroskedasticity using the Breusch-Pagan test. Where heteroskedasticity was detected, 

heteroskedasticity-consistent standard errors were applied to ensure reliable inference. For the logistic 

regression model, model fit was assessed using the Hosmer-Lemeshow test and Nagelkerke R², and 

classification accuracy was reported. Variance inflation factors were computed for any model with 

multiple predictors; for the single-predictor linear regression, multicollinearity was not applicable and VIF 

was not reported (Hair et al., 2019). 

Results and Discussion 

Demographic and Loan Profile of Respondents 

Of the 230 questionnaires administered to active loan customers of licensed microfinance banks in 

Kwara State, 214 were validly completed and retained for analysis, giving a valid response rate of 93.0 

per cent. The 16 excluded questionnaires were either incompletely filled out or returned blank and could 

not be used. Table 2 presents the demographic and loan profile of the usable sample. 

Variable Category Frequency Percentage 

(%) 

Gender Male 97 45.3 
 

Female 117 54.7 

Age 18–30 years 50 23.4 
 

31–40 years 76 35.5 
 

41–50 years 58 27.1 
 

51 years and above 30 14.0 

Education No formal education 18 8.4 
 

Primary education 40 18.7 
 

Secondary education 95 44.4 
 

Tertiary education 61 28.5 

Main occupation Trading 80 37.4 
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Artisan work 48 22.4 
 

Farming 38 17.8 
 

Services 28 13.1 
 

Others 20 9.3 

Borrowing experience First-time borrower 72 33.6 
 

Repeat borrower 142 66.4 

Table 2: Demographic and Loan Profile of Respondents (Source: Field Survey (2026)) 

Female borrowers accounted for 54.7 per cent of the sample, consistent with the documented female-

majority composition of microfinance borrower populations in Nigeria (CBN, 2022). The sample was 

concentrated in the 31–40 and 41–50 age brackets, together accounting for 62.6 per cent of 

respondents, reflecting the profile of active borrowers in the working-age segment of Kwara State's 

microfinance clientele. Trading was the most common occupation at 37.4 per cent, followed by artisan 

work and farming, indicating that most borrowers operated in the informal and semi-formal economic 

sectors where income regularity varies substantially. Repeat borrowers accounted for 66.4 per cent of 

the sample, which strengthens the ecological validity of self-reported financial profile data since repeat 

borrowers have direct and recent experience of managing loan repayment obligations. 

Descriptive Statistics 

Table 3 reports descriptive statistics for the five core study variables. 

Variable N Minimum Maximum Mean Std. 

Deviation 

Customer Financial Profile (CFP) 214 1.95 4.88 3.47 0.64 

Income Stability (IS) 214 1.60 4.85 3.23 0.72 

Financial Behaviour (FB) 214 1.85 4.95 3.61 0.67 

Financial Education (FE) 214 1.90 4.90 3.58 0.65 

Loan Repayment Strategy Effectiveness 

(LRSE) 

214 1.80 4.95 3.46 0.70 

Table 3: Descriptive Statistics of the Study Variables (Source: Field Survey (2026)) 
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All variables recorded means above the scale midpoint of 3.0, indicating that sampled borrowers were, 

on average, moderately strong across all measured dimensions. Within the composite profile, financial 

behaviour recorded the highest mean (3.61), followed by financial education (3.58), while income 

stability recorded the lowest mean (3.23). The lower income stability mean, combined with its wider 

standard deviation (0.72 compared to 0.65–0.67 for the other dimensions), indicates greater spread in 

borrowers' income regularity than in their financial management orientation or financial knowledge. This 

suggests that repayment strategy mismatches in the sample are likely to arise more sharply from 

differences in cash-flow regularity than from differences in money-management discipline alone, though 

all three dimensions remain relevant given that all three means fall above the midpoint. 

Correlation Analysis 

Table 4 presents the Pearson correlation matrix for the study variables. 

Variable CFP IS FB FE LRSE 

Customer Financial Profile (CFP) 1.000     

Income Stability (IS) 0.791*** 1.000    

Financial Behaviour (FB) 0.846*** 0.421*** 1.000   

Financial Education (FE) 0.812*** 0.384*** 0.506*** 1.000 

 

Loan Repayment Strategy Effectiveness (LRSE) 0.671*** 0.498*** 0.617*** 0.569*** 1.000 

Table 4: Correlation Matrix (Source: Author's Computation (2026)) 

Note: ***p < 0.01, **p < 0.05, *p < 0.10.  

The composite CFP is positively and significantly correlated with LRSE (r = 0.671, p < 0.01), providing 

bivariate support for H01. Among the three profile dimensions, financial behaviour has the strongest 

association with repayment strategy effectiveness (r = 0.617), followed by financial education (r = 0.569), 

while income stability, though still significant, shows the weakest bivariate association (r = 0.498). The 

intercorrelations between CFP and its component dimensions are high by design, financial behaviour (r 

= 0.846) and financial education (r = 0.812) are the dominant contributors to the composite index. The 

intercorrelations among the three dimensions themselves are moderate (range: 0.384–0.506), 
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confirming that the dimensions move in the same broad direction without collapsing into a single 

indistinguishable signal, which supports the conceptual integrity of the composite index construction. 

Regression Results Model 1: Effect of Customer Financial Profile on Loan Repayment Strategy 

Effectiveness 

Table 5 presents the model summary and Table 6 the regression coefficients for the simple linear 

regression of LRSE on CFP. 

Model R R Square Adjusted R Square Std. Error of the Estimate F-statistic Sig. 

1 0.671 0.450 0.447 0.521 173.43 0.000 

Table 5: Model Summary: Customer Financial Profile and Loan Repayment Strategy Effectiveness 
(Source: Author's Computation (2026)) 

 

Variable Coefficient (B) Std. Error Beta t-value Sig. 

Constant 0.842 0.196 — 4.30 0.000 

Customer Financial Profile (CFP) 0.755 0.057 0.671 13.17 0.000 

Table 6: Regression Coefficients: Model 1 (Source: Author's Computation (2026)) 

The model is statistically significant overall (F = 173.43, p < 0.001). Customer financial profile had a 

positive and statistically significant effect on loan repayment strategy effectiveness (B = 0.755, t = 13.17, 

p < 0.001). The model's R² of 0.450 indicates that the composite customer financial profile accounted 

for 45.0 per cent of the variance in loan repayment strategy effectiveness, a strong explanatory level for 

a single-predictor model in primary cross-sectional survey research, where values in the range of 0.30–

0.50 are commonly reported for well-constructed behavioural constructs (Hair et al., 2019). On this 

basis, the null hypothesis H01, that customer financial profiles have no significant effect on the 

effectiveness of loan repayment strategies in microfinance banks in Kwara State, is rejected. 

The estimated regression equation is: 

LRSE_i = 0.842 + 0.755CFP_i + ε_i 

Regression Results Model 2: Effect of Customer Financial Profile on Loan Default Tendency 
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Table 7 presents the binary logistic regression results for the effect of the composite customer financial 

profile (CFP) on loan default tendency (LDT), where LDT was coded 1 for borrowers who reported a 

history of default and 0 for those who reported no default. The logistic model was estimated to use the 

same 214 borrower observations as Model 1. The coefficient of primary interest is the log-odds change 

in default tendency associated with a one-unit increase in the composite customer financial profile score. 

Variable B S.E. Wald df Sig. Exp(B) 

Customer Financial Profile (CFP) –1.124 0.207 29.48 1 <0.001 0.325 

Constant 3.461 0.712 23.63 1 <0.001 31.85 

Nagelkerke R² = 0.312. Hosmer-Lemeshow test: χ²(8) = 9.63, p = 0.292. Overall classification accuracy 

= 78.5%. 

Table 7: Logistic Regression Results: Effect of Customer Financial Profile on Loan Default Tendency 
(Source: Author’s Computation (2026)) 

The logistic regression coefficient for the composite customer financial profile was negative and 

statistically significant (B = –1.124, Wald = 29.48, p < 0.001). The odds ratio (Exp(B) = 0.325) indicates 

that for each one-unit increase in the customer financial profile score (on the 1–5 scale), the odds of a 

borrower having a history of default decreased by approximately 67.5 per cent, holding all other factors 

constant. This inverse relationship is consistent with the theoretical expectation derived from agency 

theory and the credit risk assessment framework: borrowers with stronger financial profiles, 

characterised by more stable income, more disciplined financial behaviour, and higher financial 

education, are substantially less likely to experience default than borrowers with weaker profiles. 

The Nagelkerke pseudo R² of 0.312 indicates that the composite customer financial profile alone 

accounted for approximately 31 per cent of the variance in loan default tendency, which is a meaningful 

explanatory contribution for a single-predictor logistic model in cross-sectional microfinance survey 

research (Hair et al., 2019). The Hosmer-Lemeshow test produced a non-significant chi-square statistic 

(χ²(8) = 9.63, p = 0.292), indicating that the model’s predicted probabilities did not deviate significantly 

from observed default outcomes, a well-calibrated model. The overall classification accuracy of 78.5 per 

cent, with sensitivity and specificity both exceeding 75 per cent (not tabulated), confirms that the 

composite customer financial profile reliably distinguished borrowers with a default history from those 

without. 
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Evaluation of H₀₂: The null hypothesis H₀₂, that income stability, financial behaviour, and financial 

education have no significant individual contributions to customer financial profile quality in microfinance 

risk assessment, is rejected based on the logistic regression coefficient for CFP (B = –1.124, p < 0.001). 

The composite profile, which aggregates the three dimensions, is a strong negative predictor of default 

tendency. The individual contributions of each dimension to the profile’s predictive power are further 

supported by the bivariate correlations reported in Table 4, where all three dimensions showed positive 

and significant associations with loan repayment strategy effectiveness (IS: r = 0.498; FB: r = 0.617; FE: 

r = 0.569), and each dimension contributed meaningfully to the composite index’s ability to discriminate 

default risk. 

Discussion of Findings 

Customer Financial Profile and Loan Repayment Strategy Effectiveness 

The composite customer financial profile had a positive and statistically significant effect on loan 

repayment strategy effectiveness (B = 0.755, p < 0.001). A one-unit increase in the profile score was 

associated with a 0.755-point increase in LRSE on a five-point scale, a practically meaningful 

movement. This result confirms the core proposition that systematic financial profiling partially resolves 

the informational gap identified by agency theory (Jensen & Meckling, 1976; Akerlof, 1970), and that 

closing this gap improves the quality of repayment strategy design. The finding is consistent with Blanco 

et al. (2023), Dorfleitner et al. (2021), and Tchuigoua (2023), and places the mechanism one stage 

earlier in the credit cycle: profiling shapes loan structuring, not merely predicts outcomes under existing 

terms. The R² of 0.450 indicates that the composite profile alone accounts for 45 per cent of variance in 

LRSE, a strong explanatory contribution for a single construct in cross-sectional survey research (Hair 

et al., 2019). 

Profile Dimension Ranking and Implications for Risk Management 

The three profile dimensions ranked consistently across descriptive and correlational analysis. Financial 

behaviour had the strongest bivariate association with LRSE (r = 0.617), followed by financial education 

(r = 0.569), while income stability ranked lowest (r = 0.498). The prominence of financial behaviour aligns 

with Bongomin et al. (2022), supporting the credit risk assessment framework’s treatment of behaviour 

as the character dimension of creditworthiness, signalling payment willingness and management 

discipline independently of income level. Financial education’s second position confirms that borrowers 

who understand credit terms are better positioned to avoid over-borrowing (Lusardi & Mitchell, 2014; 

Hasan et al., 2021). Income stability, though lowest-ranked, remains necessary: its wider dispersion (SD 

= 0.72) and lower mean (3.23) indicate that borrowers vary most on this dimension, and unstable income 

requires distinct loan design solutions regardless of behaviour or education (Dorfleitner et al., 2021; 

Ssebagala, 2020). Effective risk management requires layered reading of all three dimensions; a 
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composite profile provides the informational architecture to translate borrower heterogeneity into 

differentiated and realistic repayment strategies. 

Customer Financial Profile and Loan Default Tendency: Convergent Evidence 

The logistic regression results (Table 7) provide convergent evidence. The composite customer financial 

profile had a negative and statistically significant effect on loan default tendency (B = –1.124, Wald = 

29.48, p < 0.001). The odds ratio of 0.325 indicates that a one-unit increase in the profile score reduces 

the odds of default by approximately 67.5 per cent, a large-magnitude effect. This directly tests the 

adverse selection prediction of agency theory: borrowers with stronger financial profiles were 

systematically less likely to default, meaning pre-disbursement profiling can resolve information 

asymmetry and improve credit allocation (Stiglitz & Weiss, 1981). The Nagelkerke R² of 0.312 indicates 

that the composite profile accounts for 31 per cent of variance in default tendency. The 

Hosmer-Lemeshow test was non-significant (χ²(8) = 9.63, p = 0.292), confirming good model calibration, 

and the overall classification accuracy of 78.5 per cent demonstrates that profiling can correctly classify 

approximately four out of five borrowers as low- or high-default risk. 

The consistency between Model 1 and Model 2 strengthens the overall inference. Stronger financial 

profiles are associated with more effective repayment strategies (Model 1) and with lower actual default 

(Model 2). The profiling construct operates through both a product-design channel (improving loan-term 

fit) and a selection channel (identifying borrowers whose underlying financial characteristics make 

default less likely). Both channels are consistent with agency theory and the credit risk assessment 

framework. 

Rejection of Null Hypotheses 

H₀₁, that customer financial profiles have no significant effect on loan repayment strategy effectiveness, 

is rejected based on the positive and significant coefficient in Model 1 (B = 0.755, p < 0.001). H₀₂, that 

income stability, financial behaviour, and financial education have no significant individual contributions 

to customer financial profile quality, is rejected based on the logistic regression coefficient for CFP (B = 

–1.124, p < 0.001) and supported by the bivariate correlations in which each dimension individually 

contributes positively to LRSE (IS: r = 0.498; FB: r = 0.617; FE: r = 0.569). Each dimension carries 

distinct predictive information; the full composite profile provides a more complete risk assessment than 

any single dimension alone. 

Practical Implication for Kwara State Microfinance Banks 

Institutions that currently rely primarily on loan officer field visits, group liability, or asset inventories 

should augment these with structured customer financial profiling instruments. Profiling at origination, 

using the three dimensions of income stability, financial behaviour, and financial education, can guide 
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loan structuring, matching repayment schedules to income stability, requiring budgeting commitments 

for low-behaviour borrowers, or incorporating financial education modules for low-knowledge borrowers. 

The 78.5 per cent classification accuracy achieved in this study provides an empirical benchmark for 

evaluating profiling instruments. Implementing such profiling can yield measurable reductions in default 

rates and improvements in portfolio quality. 

Recommendations and Conclusion 

Using a cross-sectional survey of 214 active loan customers drawn from licensed microfinance banks 

in Kwara State, this study examined the effect of customer financial profiles on loan repayment strategy 

effectiveness and loan default tendency within a linear regression and binary logistic regression 

framework. Two principal findings emerge. 

First, the composite customer financial profile had a positive and statistically significant effect on loan 

repayment strategy effectiveness (B = 0.755, p < 0.001), with the model accounting for 45.0 per cent of 

the variance in LRSE. This finding confirms that systematic profiling of borrowers across the dimensions 

of income stability, financial behaviour, and financial education improves the quality of repayment 

strategy design, enabling microfinance institutions to match loan terms to borrower conditions more 

accurately. The result directly supports the adverse selection resolution predicted by agency theory 

(Jensen & Meckling, 1976; Akerlof, 1970) and aligns with recent evidence from Blanco et al. (2023), 

Dorfleitner et al. (2021), and Tchuigoua (2023). 

Second, the composite customer financial profile had a negative and statistically significant effect on 

loan default tendency (B = –1.124, p < 0.001), with an odds ratio of 0.325 indicating that a one-unit 

increase in the profile score reduces the odds of default by approximately 67.5 per cent. The model 

achieved a classification accuracy of 78.5 per cent and a Nagelkerke R² of 0.312, confirming that 

stronger financial profiles reliably distinguish borrowers with a default history from those without. This 

finding provides convergent validity for the profiling construct: borrowers with stable income, disciplined 

financial behaviour, and sound financial knowledge not only receive better-structured loans but also 

perform better on those loans. The consistency between the two models confirms that the profiling 

construct operates through both a product-design channel and a borrower-selection channel, both 

grounded in agency theory and the credit risk assessment framework. 

Among the three profile dimensions, financial behaviour showed the strongest bivariate association with 

loan repayment strategy effectiveness (r = 0.617), followed by financial education (r = 0.569) and income 

stability (r = 0.498). This ranking indicates that while all three dimensions are necessary components of 

a complete customer financial profile, microfinance institutions should prioritise the assessment of 

budgeting discipline, savings practice, and debt management conduct as the most powerful signals of 

repayment capacity and willingness. Income stability, though lowest-ranked, remains essential due to 

https://doi.org/10.51137/wrp.ijarbm.856
http://www.wr-publishing.org/


International Journal of Applied Research in Business and Management (ISSN: 2700-8983) 

Volume: 07 Issue: 03 Year: 2026 

https://doi.org/10.51137/wrp.ijarbm.856     

 

 

 

 

Discover publication opportunities: 
www.wr-publishing.org 

its wider dispersion across the borrower population and its direct implications for loan structuring, 

particularly for seasonal and informal-sector borrowers whose cash flows are structurally irregular. 

Taken together, the findings indicate that customer financial profiling is not merely a data-collection 

exercise but a core risk management instrument with measurable portfolio quality consequences. The 

null hypotheses H₀₁ and H₀₂ are both rejected. Microfinance institutions in Kwara State that currently 

rely on loan officer field visits, group liability, or asset inventories alone are operating with incomplete 

information; integrating structured profiling across the three dimensions of income stability, financial 

behaviour, and financial education would reduce information asymmetry, improve repayment strategy 

alignment, and lower default rates without requiring additional capital or regulatory changes. 

Based on the findings, the following recommendations are offered: 

1. Microfinance banks in should integrate structured customer financial profiling into their credit 

appraisal processes as a mandatory pre-disbursement step. Profiling instruments should 

systematically capture income stability (regularity and predictability of income), financial 

behaviour (budgeting discipline, savings practice, and debt management conduct), and 

financial education (understanding of interest obligations, total cost of credit, and default 

consequences). Institutions that adopt such profiling can use profile scores to guide loan 

structuring, matching repayment schedules to income stability, requiring budgeting 

commitments for low-behaviour borrowers, and incorporating brief financial education 

modules for low-knowledge borrowers. 

2. The Central Bank of Nigeria and other prudential authorities should consider issuing 

guidance or a regulatory framework for minimum customer profiling standards in the 

microfinance subsector. The finding that profiling explains 45 per cent of variance in 

repayment strategy effectiveness and achieves 78.5 per cent classification accuracy for 

default risk suggests that mandated profiling requirements would materially improve 

portfolio quality across the sector, particularly among unit microfinance banks serving 

heterogeneous rural and peri-urban clienteles. 

3. Microfinance bank management and loan officers should receive training on the 

administration and interpretation of customer financial profiling instruments. The ranking of 

dimensions, financial behaviour as the strongest predictor, followed by financial education, 

then income stability, implies that training should emphasise the assessment of behavioural 

indicators (budgeting, savings, debt management) rather than relying primarily on observed 

assets or social references, which the literature has shown to be weaker predictors of 

repayment performance. 

4. Microfinance bank audit committees and internal control units should require documented 

evidence that profiling scores are being used to inform loan structuring decisions and that 
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exceptions (e.g., loans approved for low-profile borrowers without adjusted terms) are 

justified and tracked for performance outcomes. Where profile scores and repayment 

outcomes show persistent misalignment, internal reviews should examine whether profiling 

instruments are being administered consistently or whether loan officers are overriding 

profile recommendations without adequate justification. 

5. Investors, donors, and development finance institutions supporting microfinance operations 

in Kwara State should consider profiling quality as a due diligence criterion when evaluating 

institutional risk and performance. The evidence that stronger borrower financial profiles are 

associated with 67.5 per cent lower default odds provides a quantifiable benchmark against 

which institutional risk management capacity can be assessed. 

This study is subject to several limitations that should be considered when interpreting the findings. The 

cross-sectional design captures associations at a single point in time, meaning that causal ordering, 

whether financial profiles precede repayment outcomes or are themselves influenced by prior borrowing 

experience, cannot be definitively established, though the temporal logic of pre-disbursement profiling 

makes reverse causality less plausible. The study relies on self-reported data from borrowers, which 

introduces the possibility of social desirability bias, particularly in responses to financial behaviour and 

default history questions, though the high proportion of repeat borrowers (66.4 per cent) and the 

consistency of findings with prior empirical literature mitigate concerns about systematic misreporting. 

The sample is drawn exclusively from licensed microfinance banks in Kwara State, which limits 

generalisability to unlicensed informal lenders, microfinance institutions in other Nigerian states, or 

microfinance operations in other African countries where borrower characteristics and institutional 

environments differ. The model also focuses on three profile dimensions, income stability, financial 

behaviour, and financial education, and does not account for potentially important additional borrower 

characteristics such as household composition, social capital, group liability dynamics, or loan officer 

discretion, each of which may moderate the relationship between financial profiles and repayment 

outcomes. 

Future research should consider several extensions. A longitudinal panel design tracking borrowers from 

origination through the full loan cycle would establish causal ordering and allow examination of how 

changes in financial behaviour or income stability over time affect subsequent repayment performance, 

a dynamic that cross-sectional designs cannot capture. Replicating the study across multiple Nigerian 

states or across different microfinance sectors in other African economies would establish whether the 

profile dimension ranking observed here (financial behaviour strongest, income stability weakest) is 

specific to Kwara State or represents a broader regional pattern. Incorporating institutional variables, 

loan officer experience, group lending versus individual lending, interest rate levels, and monitoring 

intensity, into a multi-level model would help determine how profiling effects vary across different 
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operational contexts. Finally, experimental or quasi-experimental research that randomly assigns 

borrowers to profiling-informed loan structuring versus standard processing would provide the strongest 

evidence of the causal effect of customer financial profiling on repayment outcomes and would offer 

microfinance institutions a clear basis for calculating the return on investment from implementing 

profiling instruments. 
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