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A B S T R A C T

Microcredit programs in Africa are promoted as instruments for alleviating rural poverty by enabling smallholder 
farmers to access agricultural input loans. However, long-term participation dynamics and factors associated 
with client drop-out remain underexamined, particularly in contexts marked by socio-economic and structural 
inequalities. This study analyzes two years of portfolio data from approximately 20,000 smallholder farmers in 
Western Kenya. We integrate socio-economic variables (gender, mobile phone ownership, household bereave
ment), institutional characteristics (group leader performance, loan officer attributes, supervision intensity), and 
field-level vegetation indicators derived from remote sensing, alongside exploratory machine learning tech
niques. Results indicate that 63% of farmers participated for only one year, highlighting challenges in sustaining 
engagement. Gender and mobile phone ownership were strongly associated with continued participation and 
higher repayment rates (p < 0.001). Bereaved households (n = 228) exhibited repayment rates exceeding 90% 
over two years, with 40% continuing participation. Peer effects were most pronounced in low-to-moderate 
performing groups, and female loan officers were associated with higher repayment outcomes (p < 0.001). 
Repeat participants also displayed slightly higher maize vegetation indices than drop-outs, suggesting that 
environmental productivity conditions correspond with participation status. By jointly analyzing socio- 
economic, institutional, and environmental factors, this study advances understanding of microcredit continu
ity in rural Africa. The findings highlight both opportunities and structural constraints within agricultural 
microcredit programs and offer evidence relevant to policy and programme design.

1. Introduction

Food insecurity in sub-Saharan Africa (SSA) remains a critical issue, 
with smallholder farmers producing the most agricultural outputs 
(Giller, 2020). Women play a significant role, contributing to 40–50% of 
farming activities (Gawaya, 2008; Palacios-Lopez et al., 2017). How
ever, female farmers face systemic disadvantages, including fewer re
sources, lower off-farm incomes (Jindo et al., 2020), reduced fertilizer 
application (Marenya & Barrett, 2009), and yields that are 20–30% 
lower than those of their male counterparts (World Bank, 2014). These 

disparities arise from limited financial access, poor labor availability, 
and restricted access to technologies due to traditional norms (Gebre 
et al., 2021; Tavenner et al., 2021). Addressing these barriers is essen
tial to closing the gender gap and ensuring food security.

Microcredit initiatives have emerged to alleviate rural poverty and 
promote agricultural development. Small loans enable farmers to pur
chase inputs, improve food security, and build repayment capacity 
(Chakravarty & Pylypiv, 2015; Hirons et al., 2018). Microcredit also 
supports households affected by climate change and natural disasters 
(Ranabahu & Tanima, 2022).
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Social networks, considered a fundamental part of microcredit ac
tivity, play a crucial role in agricultural technology adoption and 
knowledge dissemination (Wang et al., 2020). Women, in particular, 
tend to invest in community activities beyond farming, producing non- 
staple crops, and engaging in social networks that foster co-learning and 
technology adoption (Campbell et al., 2016). Microcredit programs 
targeting women not only enhance agricultural productivity but also 
address broader developmental goals, including gender equity and 
poverty reduction. In addition, mobile banking platforms, such as M- 
PESA, further enhance microcredit accessibility, indirectly aiding 
repayment by connecting clients to agricultural services, such as 
weather forecasts and market information (Kikulwe et al., 2014; Suri & 
Jack, 2016).

While microcredit programs offer significant potential, aligning with 
local gender norms is crucial, especially in SSA (Johnson, 2004). Female 
farmers' participation in microcredit programs leverages peer effects and 
strengthens community-based networks, facilitating technology adop
tion and innovation. However, the impact of institutional roles, such as 
loan officers and group leaders, on program outcomes has received 
limited attention. Exploring the dynamics of these roles can provide 
insights into improving female repayment outcomes and program 
effectiveness (Mia et al., 2022; Otiti et al., 2022).

Farmers often use minimal credit for agricultural inputs despite their 
potential, suggesting the need for microcredit programs that support 
broader livelihood improvements, such as education and energy access 
(Adjognon et al., 2017). Our previous study found that female farmers in 
microcredit programs tend to purchase less expensive, multi-purpose 
products (Jindo et al., 2023). However, little is known about the long- 
term participation of microcredit clients. The durability of micro
finance use, particularly its role in social empowerment, remains 
understudied (Banerjee et al., 2015; van Rooyen et al., 2012).

This study addresses this gap by analyzing the participation of 
21,000 smallholder farmers in Western Kenya over two years to identify 
factors associated with retention and drop-out. The analysis in
corporates individual characteristics such as gender, loan size, and 
household bereavement, as well as institutional factors including group 
leader and loan officer characteristics (Baland et al., 2017; Postelnicu 
et al., 2014). Firstly, farmers were stratified by gender, mobile phone 
ownership, and household loss during the cropping season. Peer effects 
were examined by assessing the relationship between group leader 
characteristics—such as repayment rate, gender, and loan size—and the 
repayment performance of ordinary members. We further evaluated the 
influence of loan officer gender and the number of clients supervised per 
village. High-resolution remote-sensing data were used to compare crop 
field status between repeat and drop-out clients. Finally, a machine- 
learning–based decision-tree analysis was employed to identify key 
variables associated with client continuity.

This study seeks to provide actionable insights for strengthening 
microcredit program performance, particularly for disadvantaged 
farmers in SSA's agricultural sector, including female clients, bereaved 
households, and non-mobile phone users. By integrating individual, 
institutional, and environmental dimensions, the study contributes to a 
deeper understanding of microcredit's role in rural development, high
lighting the importance of social networks, institutional support, and 
gender dynamics in sustaining participation.

2. Conceptual framework

This study integrates insights from financial inclusion research, 
gender and empowerment literature, social capital theory, and agricul
tural productivity studies to examine client continuity in an agricultural 
microcredit programme. The analytical structure guiding the study can 
be organized into three domains.

2.1. Socio-economic characteristics

This domain includes individual and household-level attributes such 
as gender, mobile phone ownership, and household bereavement. These 
characteristics reflect differences in access to resources, communication 
capacity, and resilience that may be associated with continued program 
participation.

2.2. Institutional arrangements

Institutional features shape the relational environment in which 
repayment and continuation decisions occur. These include group 
structure, group leader repayment performance, loan officer character
istics, and supervision intensity.

2.3. Environmental productivity conditions

Field-level vegetation indices (RVI and WDRVI), derived from high- 
resolution satellite imagery, serve as proxies for agricultural produc
tivity conditions that may correspond with financial capacity and pro
gram continuity.

Together, these three domains are analytically linked to the partic
ipation outcome — repeat enrolment versus drop-out. The study eval
uates statistical associations within the program population without 
inferring causal effects.

3. Material and methods

3.1. Microcredit organization (Agrics)

Agrics is a for-profit social enterprise in East Africa owned by In
ternational Child Support (ICS), a Dutch non-governmental organiza
tion. Before the launch of Agrics business activities, the profitability of 
fertilizer investment in a microcredit program was tested in the ICS 
Western Kenyan Office, located in Busia District (Duflo et al., 2004, 
Duflo et al., 2011; Duflo et al., 2008). Results of fertilizer trials reported 
in previous studies (Duflo et al., 2011; Duflo et al., 2008) highlighted the 
importance of understanding the liquidity position of rural households. 
Also, it is reported that the microcredit scheme for agricultural inputs 
began immediately after the harvesting season, when farmers had more 
cash on hand.

3.2. Microcredit program scheme

Farmers participating in the Agrics program are mainly from West
ern Kenya (Busia, Bungoma, Kakamega, and Vihiga counties), with 
smaller numbers in Nyanza (Siaya) and Rift Valley (Nandi, Trans Nzoia, 
and Uasin Gishu). Agrics Ltd. provided seeds, fertilizers, agrochemicals, 
and agronomic advice to farmer groups regularly visited by extension 
staff. Each group consisted of 15–20 members and a group leader, under 
the supervision of a community facilitator (a temporary Agrics employee 
living in the same community) (Fig. 1). Enrolment of farmers typically 
begins in August and September, at the end of the growing season. As 
described by Nobel Prize–winning economist Esther Duflo (Duflo et al., 
2011; Duflo et al., 2008), farmers in Western Kenya have more cash 
during the harvesting season (August), making it easier to invest in 
agricultural inputs for the coming season. After checking outstanding 
debts from previous seasons, eligible farmers registered as clients and 
ordered input packages on credit. During the cropping season, groups 
met weekly to (i) collect partial repayments as a group responsibility and 
(ii) facilitate co-learning on field management, agricultural practices, 
post-harvest handling, and value chains. Loans were repaid at the end of 
the season. Community facilitators and extension staff acted as in
termediaries between client groups and Agrics management and 
communicated local constraints (e.g., pest and disease outbreaks, 
drought, and local insecurity).
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3.3. Dataset

This study utilized Agrics' two-year client database (Table 1), which 
contains 19,824 individual client records for the first year and 22,202 
for the second year, respectively. The database includes details on loan 
amounts, repayment transactions, and repayment rates (Table 1). 
Farmers could purchase input packages containing maize seeds and 
chemical fertilizers (di-ammonium phosphate (DAP) and calcium 
ammonium nitrate (CAN) in various sizes, starting from 0.125 acres.

The maize seeds offered in these packages were sourced from Kenya 
Seed Company Ltd., which provides a diverse range of seed varieties 
tailored to different agro-ecological zones, from highlands to lowlands. 
Each individual purchase was recorded with its respective package size. 
Additionally, the database captures binary variables, including gender 
(male vs. female), program continuity status (“repeater” vs. “drop-out”), 
and mobile phone ownership (yes vs. no). It also includes data on 
household bereavement, specifically whether a family member was lost 
during the first year of participation. Further details about this subset of 
beneficiaries are provided below:

3.4. Bereaved beneficiaries (Grieving households)

Bereaved clients reported a household death to Agrics using an 
official death certificate. After verification by the Agrics office, the 
household received condolence support. During the first year, 228 cli
ents experienced bereavement and received support. The amount was 
Kenyan Shillings (KSh) 20,000 for the death of a farmer, spouse/partner, 
or an elderly household member, and KSh 15,000 for the death of a 
child.

3.5. Characteristics in rural households in the study area

Previous studies (Jindo et al., 2020; Ojiem et al., 2014; Tittonell 
et al., 2005) identified two primary categories of farm households in 
this region based on agro-ecological characteristics. The first type, maize 
mixed farm households, is predominant in lowland areas and focuses on 
maize and legume cultivation. The second type, highland perennial farm 
households, operates at higher altitudes, growing cash and food crops 
such as tea and coffee. In the midland and lowland areas, sugarcane, a 
relatively drought-tolerant crop, is often cultivated as a source of cash 
income.

The region experiences one major cropping season during the long 
rains (March to August) and a minor season during the short rains 
(September to January). Under rainfed conditions, maize crops have a 
potential yield of 8–10 t/ha if nutrients and water are sufficient. How
ever, actual yields on smallholder farms average only 1.9 t/ha (van 
Ittersum et al., 2016). Reports from the Kenyan government indicate 
that rural poverty and food insecurity are more prevalent in the lowland 
areas. Farms in this region typically span an average of two acres (0.8 
ha) (Channa et al., 2019), with maize serving as the primary staple crop 
for household food security (Marinus et al., 2022). Depending on spe
cific farm attributes, households achieve food self-sufficiency for periods 
ranging from 4.6 to 10.7 months annually (Jindo et al., 2020). Livestock 
ownership, expressed in tropical livestock units (TLU), varies between 
1.3 and 5.1 TLU per household in this region (Jindo et al., 2020). Income 
from non-farm activities is frequently used to support agricultural pro
duction (Marinus et al., 2022).

The standard fertilizer recommendation for maize cultivation in 
Kenya is 123.55 kg/ha (50 kg/acre) of DAP at planting, followed by CAN 
as a top-dressing during the long rains. Maize is typically planted at a 
density of 53,333 plants/ha, with rows spaced 0.75 m apart and 0.25 m 
between plants in each row, using one seed per planting station. Maize 
seeds are delivered by Seeds.Co, providing a broad series of cultivars 
depending on agro-ecological zones. Clients prefer to buy more expen
sive cultivars, called “premium seeds,” which require additional pay
ments. The exchange rate was 1 USD = 100 KSh for both years.

By 2012, mobile phone ownership in Kenya reached 93% (Wijesiri & 
Meoli, 2015), with 73–80% of rural residents relying on mobile banking 
due to the lack of access to traditional banking services (Jin et al., 2019; 
Wijesiri & Meoli, 2015). The introduction of mobile banking systems 
such as M-PESA in 2007 significantly improved access to microcredit 
programs for smallholder farmers while reducing transaction costs for 
individuals without bank accounts (Kandie & Islam, 2022).

At the time, private and public organizations provided microloans 
paired with agricultural inputs in Western Kenya. These included in
stitutions such as One-Acre Fund, Kenya Women Microfinance Bank PLC 
(KWFT), Faulu, Kilimo Booster, and SmepBank.

3.6. High-resolution remote-sensing data

The PlanetScope constellation, comprising approximately 130 
CubeSats, provides near-daily global coverage at-meter spatial resolu
tion across four spectral bands: red, green, blue, and near-infrared (Shin 
et al., 2020; Planet, 2020). These high-resolution images facilitate 
various applications, including precision farming (Breunig et al., 2020), 
disaster assessment (Ganci et al., 2020), monitoring fine-scale land 

Fig. 1. Scheme illustrating the relationship between the loan officer, group 
leader, and ordinary farmers within a group.

Table 1 
Contents of the dataset used in our study.

Year The first year The second year

Number of observation 19,824 22,202
Variables • Gender (Male and Female) 

• Repeat customer status (Yes/No) 
• Phone ownership (Yes/No) 
• Bereaved beneficiaries (Yes/No) 
• Group leader (Yes/No) 
• Investment (USD) (loan taken out scheme) 
• Repayment (USD) (total loan repaid amount after 1 
year) 
• Repayment rate (%) (repayment/investment*100) 
• Input package size (acre) (a package includes maize 
seeds and di-ammonium phosphate (DAP) and calcium 
ammonium nitrate (CAN) fertilizers)
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cover dynamics (Halls & Magolan, 2019), and analyzing tree-crown 
phenology (Wu et al., 2021). The biannual data were obtained from 
the Planet basemaps platform: https://www.planet.com/basemaps. The 
product is normalized. Spatial resolution is 4.77 m per pixel with four 
bands (Red, Blue, Green, and Near Infrared). Vegetation indices were 
derived during the primary maize growing season corresponding to the 
first year of program participation. Imagery was aligned temporally with 
the cropping cycle rather than repayment dates, and therefore reflects 
field conditions during the production phase. Two vegetative indices, 
Ratio Vegetation Index (RVI) and Wide Dynamic Range Vegetation 
Index (WDRVI), are often used for monitoring maize fields (Mao et al., 
2020; Maresma et al., 2016; Sakamoto et al., 2013; Xue & Su, 2017) 
were calculated as follows: 

RVI =
Red
NIR

(1) 

WDRVI =
(α⋅NIR − Red)
(α⋅NIR + Red)

(2) 

We used α = 0.1 following other works on monitoring maize fields 
(Maresma et al., 2016; Xue & Su, 2017).

3.7. Statistical analysis

This study does not include an external control group, such as non- 
clients or the general farming population. Instead, comparisons are 
restricted to client categories within the same microcredit program, 
specifically between drop-out and repeat clients. Accordingly, the sta
tistical and machine learning analyses are designed to identify associa
tions between observed characteristics and client status, rather than to 
establish causal relationships. The results should therefore be inter
preted as descriptive and comparative within the study population.

The Anderson–Darling normality test was used to assess the distri
bution of the data. For normally distributed variables, a t-test was used; 
for non-normal distributions, the Mann–Whitney test was used to assess 
differences in median values between two independent groups. The 
significance level for all statistical analyses was set at p ≤ 0.05. The R 
packages arules and arulesViz were used for association rule mining, 
with support and confidence thresholds set at 0.001 and 0.08, 
respectively.

Member continuity (repeat or drop-out) was examined using the chi- 
square test of independence to assess associations between categorical 
variables. Specifically, the test was used to evaluate relationships be
tween client status and variables such as gender, bereavement status, 
and mobile phone ownership. Contingency tables were constructed, and 
expected frequencies were calculated under the null hypothesis of in
dependence between variables.

3.8. Machine learning method

We employed a Random Forest (RF) classification algorithm to 
analyze the association between predictors and repeat customer status 
using the randomForest package in R. The RF model was trained on 500 
decision trees, with three variables randomly selected at each split. 
Predictor variables included gender, phone-ownership, loan package 
size, investment amount, repayment amount, group leader's gender, 
group leader's repayment percentage, bereaved beneficiaries, number of 
farmers supervised in a community by a loan officer, and the gender of a 
loan officer. The model's performance was evaluated using the Out-Of- 
Bag (OOB) error estimate of 31.82%. A confusion matrix reports the 
error rate (Table 8), while variable importance is assessed using the 
Mean Decrease in Accuracy and the Gini index (Table 9).

The use of the Random Forest algorithm allows for a consistent and 
uniform evaluation of all individual cases by applying the same decision 
rules across observations, regardless of variable scale or distribution. As 
a non-parametric ensemble method, RF is well-suited to datasets 

comprising mixed categorical and continuous variables and is relatively 
robust to multicollinearity and non-linear relationships. In this study, 
the RF approach is used in an exploratory manner to identify patterns of 
association and relative variable importance rather than to infer causal 
relationships. The incorporation of remote sensing indicators of vege
tation condition further complements this framework by providing 
spatially consistent environmental information relevant to smallholder 
farming contexts.

4. Results

4.1. Difference in microcredit performance between repeat and drop-out 
clients

Table 2 shows the performance differences in the 1st year between 
repeat and drop-out clients. 63% of the clients in the first year dis
continued the microcredit program. Repeat clients have higher invest
ment, repayment, and repayment rate (p < 0.001), compared to the 
drop-out clients. Regarding package size, which contains chemical fer
tilizers and maize hybrid seeds, repeat clients have a larger size than 
drop-out clients (Table 2).

4.2. Gender difference

Table 3 shows gender differences in programme performance in the 
first year; 62.8% of clients were female. Our previous study (Jindo et al., 
2023) reported performance patterns in the second year, and the first- 
year results are consistent with those findings. Male farmers showed 
higher investment and repayment amounts (p < 0.001), whereas female 
farmers had a higher repayment rate (p < 0.001). Ordered package sizes 
were larger among male farmers than among female farmers.

In the mosaic plot (Fig. 2), the rectangles representing each cell are 
shaded according to Pearson residuals, which indicate deviations be
tween observed and expected frequencies under the assumption of in
dependence. Blue shading denotes a higher-than-expected frequency, 
while red shading denotes a lower-than-expected frequency. Using the 
chi-square statistic to assess differences between observed and expected 
frequencies, the results indicate a statistically significant association 
between gender and continuity of participation in the microcredit pro
gram (Fig. 2). In this study, repeat customers are defined as clients who 
continued participation into the subsequent year, whereas drop-out 
customers refer to clients who did not continue (Repeat customer =
No). Female farmers are overrepresented among repeat customers (blue 
shading) and underrepresented among drop-out customers (red 
shading) relative to overall expectations. In contrast, male farmers are 

Table 2 
Median, Mean, and Standard deviation (SD) of microcredit program between 
repeat farmers in the 1st year between repeater and drop-out farmers: Cost of the 
investment in US dollar (USD), repayment amount (USD), advanced repayment 
for the next season (USD), repayment rate (%) and order package size (acre). The 
asterisk mark represents a significant difference between repeaters and drop-out 
farmers by using the Wilcox test (P < 0.05).

Repeater farmers 
(n = 8047)

Drop-out farmers 
(n = 11,777)

Cost of investment  
(USD)

Median 62.00 62.00
Mean 82.05** 75.33
SD 43.57 43.59

Repayment  
(USD)

Median 62.00 50.00
Mean 69.36** 55.88
SD 40.02 37.61

Repayment Rate  
(%)

Median 95.16 80.58
Mean 85.97** 75.22
SD 23.32 27.53

Order package size (acre)

Median 0.2023 0.2023
Mean 0.2422** 0.2315
SD 0.1557 0.1601
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overrepresented among drop-out customers (blue shading) and under
represented among repeat customers (red shading). In descriptive terms, 
39.8% of female farmers in the first year continued participation in the 
microcredit program into the second year, compared with 35.3% of male 
farmers.

4.3. Relationship between mobile phone ownership and microcredit 
participation

There is a significant association between mobile phone ownership 
and sustained engagement in microcredit programs (Fig. 3). Mobile 
phone users were more likely to remain involved in microcredit initia
tives, as indicated by the positive Pearson residuals (blue squares) in the 
chi-square plot. Conversely, non-mobile phone users were more likely to 

discontinue participation, which was also reflected by positive Pearson 
residuals (blue squares) for drop-outs. A small proportion of non-phone 
users who continued into the second year exhibited negative Pearson 
residuals (red square in Fig. 3), suggesting that non-phone owners were 
less likely to sustain engagement in the program than would be expected 
if phone ownership were unrelated to continuity.

4.4. The microcredit performance of grieving households

Table 4 represents the performance of the bereaved beneficiaries and 
others. 228 bereaved beneficiaries (1.03% of all clients) who lost family 
members and received financial support from Agrics. No significant 
difference is shown between the two groups except for the repayment 
rate. The bereaved beneficiaries exhibit stronger repayment perfor
mance during the initial year than others. 110 clients out of 228, 
equivalent to 40%, have continuously participated in the 2nd year 
program. This is 1.29% of the overall repeat clients who continuously 
have joined. A chi-square test of independence revealed that the fre
quency of bereaved beneficiaries who are repeat customers for the 
second year has a significantly positive Pearson residual (Fig. 4). The 
expected frequency would be the proportion of bereaved beneficiaries 
participating in the second-year program, assuming it is the same as the 
overall participation rate.

In the 2nd year, 1.29% of repeat farmers are bereaved households. 
The proportion of the bereaved household within the total number of 
repeat clients has been increasing. Therefore, a significantly positive 
Pearson residual suggests that more bereaved beneficiaries are partici
pating in the second-year program than expected based on the overall 
participation rate.

As an additional study, we examined the 2nd year performance of 
bereaved beneficiaries who joined over 2 years. There is no significant 
difference in repayment rate in the 2nd year between bereaved and non- 
bereaved beneficiaries (Fig. 5). However, it should be noted that the 
median value of repayment rate (%) of bereaved beneficiaries is 96.3% 

Table 3 
Median, mean, and standard deviation (SD) of microcredit program records of 
male and female farmers in the second year: Cost of the investment in US dollar 
(USD), repayment amount (USD), advanced repayment for the next season 
(USD), repayment rate (%) and order package size (acre). The asterisk mark 
represents a significant difference between male and female farmers (P < 0.05.

Male 
(n = 7305)

Female 
(n = 12,519)

Cost of investment  
(USD)

Median 62.75 62.75
Mean 87.37 81.95
SD 45.30 45.57

Repayment  
(USD)

Median 60.50 60.50
Mean 70.27 68.73
SD 46.62 45.97

Repayment Rate  
(%)

Median 80.44 83.34
Mean 90.83 93.23
SD 34.59 30.866

Order package size (acre)

Median 0.2023 0.2023
Mean 0.2918 0.2631
SD 0.19150 0.19059

Fig. 2. A chi-square mosaic plot assessing the association between gender and repeat customer status. The plot examines the relationship between these two cat
egorical variables. The expected frequencies for each contingency table cell are calculated under the assumption of independence between the variables. The red 
color represents negative significance, while blue color indicates positive significance. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
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in the second year, and the institution did not give those clients any 
financial support.

4.5. Relationship between group leader's characteristics and ordinary 
members

The group leader's repayment rate exhibits a positive linear rela
tionship with ordinary members' repayment performance (p < 0.001) 
(Table 5). This indicates that higher repayment rates by group leaders 
are associated with better repayment performance among group mem
bers. Additionally, the squared term of the group leader's repayment rate 
is significant (p < 0.001), suggesting a non-linear effect. This finding 
indicates a diminishing return, where the positive influence of the group 
leader's repayment rate on ordinary members' repayment decreases at 
higher levels, resulting in a plateau effect. The gender of the group 

leader (with male coded as 1) has a small but statistically significant 
positive association with ordinary members' repayment rates (p < 0.05). 
This suggests that male group leaders are linked to slightly higher 
repayment rates among members. However, the effect size is relatively 
modest.

The group leader's loan package size shows a negative association 
with ordinary members' repayment performance (p < 0.05). This finding 
suggests that larger loan packages for group leaders might correlate with 
lower repayment rates among members, potentially due to financial 
pressures or risks associated with managing larger loans.

4.6. Relationship between loan officer's characteristics and ordinary 
members

The analysis reveals two significant predictors of repayment per
formance among ordinary members: the gender of the loan officers and 
the number of farmers per village supervised (Table 6). The coefficient 
for the loan officer's gender (male) is − 418.583 (p < 0.001), suggesting 
that when the loan officer is male, there is a decrease in repayment 
performance compared to the baseline (female loan officers). This 
finding might reflect differences in facilitation styles or community re
lationships associated with loan officer's gender. Additionally, the pos
itive coefficient for the number of farmers per community (1.978, p =
0.00175) suggests a slight increase in repayment percentage with each 
additional farmer supervised. While statistically significant, this effect 
size is small, indicating that the repayment percentage increases only 
marginally by 1.978 units for each additional farmer. This minor effect 
may imply that a larger community of borrowers fosters a slight increase 
in repayment behavior, possibly due to enhanced peer support or col
lective accountability. Despite statistical significance, the relatively low 
R-squared value (0.0053) indicates that these variables explain only a 
small fraction of the variance in repayment performance, suggesting the 
potential influence of other unobserved factors.

Fig. 3. A chi-square mosaic plot assessing the association between phone ownership (Yes/No) and repeat customer status (Yes/No). The plot illustrates the rela
tionship between these two categorical variables. The red color indicates negative significance, while blue color represents positive significance. (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 4 
Median, mean, and standard deviation (SD) of microcredit program records of 
bereaved and non-bereaved beneficiaries: Cost of the investment in US dollars 
(USD), repayment amount (USD), advanced repayment for the next season 
(USD), repayment rate (%) and order package size (ha). The asterisk mark 
represents a significant difference between bereaved and non-bereaved benefi
ciaries (P < 0.05).

Bereaved 
(n = 227)

Non- Bereaved 
(n = 19,597)

Cost of investment  
(USD)

Median 62.00 62.00
Mean 81.86 78.01
SD 43.69 44.35

Repayment  
(USD)

Median 57.00 62.00
Mean 64.56 61.31
SD 40.90 39.15

Repayment Rate** 
(%)

Median 98.12 89.58
Mean 80.85 79.57
SD 28.80 26.41

Order package size  
(acre)

Median 0.2023 0.2023
Mean 0.24869 0.235667
SD 0.162124 0.158375
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Fig. 4. A chi-square mosaic plot assessing the association between bereaved beneficiaries (Yes/No) and repeat customer status (Yes/No). The plot illustrates the 
relationship between these two categorical variables. The expected frequencies for each contingency table cell are calculated based on the assumption of inde
pendence between the variables. The red color represents negative significance, while blue color indicates positive significance.

Fig. 5. Repayment rate between bereaved and non-bereaved beneficiaries in the 1st year (left) and 2nd year (right). The statistical test (Wilcoxon) result is shown 
above with the asteristic mark. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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4.7. Remote-sensing data for maize fields

As seen in Table 7, repeat-customers have a slightly higher mean of 
WDRVI (0.3063) compared to the drop-out customers (0.3039), and the 
difference is statistically significant (p = 0.0133). Therefore, repeat- 
customers have significantly higher WDRVI values. Regarding RVI: 
Similarly, repeat-customers have a slightly higher mean (4.3967) 
compared to the drop-out customers (4.3634), and the difference is 
statistically significant (p = 0.0413). These findings underscore the 
relevance of vegetation density, vigor, and soil-adjusted characteristics 
in distinguishing these groups.

4.8. Machine learning analysis of repeat participation

A Random Forest classification model (500 trees, with three vari
ables randomly selected at each split) was used to identify 

characteristics associated with repeat participation in the subsequent 
year. The model produced an overall Out-of-Bag (OOB) error rate of 
31.82% (Table 8), corresponding to an overall accuracy of 68.18%. The 
confusion matrix shows that 2445 repeat clients and 420 drop-out cli
ents were correctly classified. The class error was substantially lower for 
repeat clients (11.19%) than for drop-out clients (71.01%), indicating 
stronger performance in identifying repeat participants than drop-outs.

Variable importance measures are reported in Table 9. Based on 
Mean Decrease Accuracy, the farmer's repaid amount emerged as the 
strongest predictor (49.2043), followed by farmer's investment 
(17.6775), farmer's package size (17.4881), and the number of farmers 
supervised per village by the loan officer (14.7856). Group leader 
repayment rate (11.1858) and group leader package size (10.4077) also 
contributed to predictive performance.

Environmental indicators derived from remote sensing were among 
the more influential variables in terms of node purity. Both the Ratio 
Vegetation Index (RVI) and the Wide Dynamic Range Vegetation Index 
(WDRVI) exhibited high Mean Decrease Gini values (288.9634 and 
285.6046, respectively), second only to the farmer's repaid amount 
(325.4648). This suggests that vegetation condition contributes mean
ingfully to classification performance within the model.

To complement the Random Forest results, a decision-tree model was 
used to identify dominant classification paths (Fig. 6). The tree identi
fied the farmer's repaid amount as the primary split variable. Among 
farmers who repaid more than 5468 (KSh), loan package size emerged as 
the next distinguishing factor. In particular, farmers with smaller 
package sizes (<0.13 acre) were less likely to continue into the second 
year. These threshold-based splits indicate that higher repayment 
amounts and larger package sizes correspond with a greater prevalence 
of repeat participation. In contrast, gender-related variables (farmer's 
gender, group leader's gender, and loan officer's gender) showed 
comparatively lower Mean Decrease Accuracy and Gini values, indi
cating a smaller contribution to classification relative to repayment 
history, supervision intensity, and environmental indicators. Bereave
ment status and phone ownership exhibited low or negative Mean 
Decrease Accuracy values, suggesting limited marginal contribution 
within the Random Forest framework.

Overall, the machine learning results underscore the multidimen
sional nature of client continuity. Repayment behavior and financial 
engagement show the strongest associations with repeat participation, 
while institutional structure and environmental conditions also 
contribute to classification performance. Consistent with the study 
design, these findings reflect patterns of association rather than causal 
effects.

5. Discussion

Microcredit programmes are frequently framed as instruments for 
advancing Sustainable Development Goals 1, 2, and 5 (no poverty, zero 
hunger, and gender equality). The expansion of client-oriented social 
enterprises across Africa suggests that many smallholder households 
perceive such programmes as opportunities (Burke & Lobell, 2017; 
Nakano & Magezi, 2020). Yet evidence on client 
continuity—particularly the role of local social ties and institutional 
actors in shaping repeat participation—remains limited.

Drawing on a multi-year client database from Western Kenya, our 
findings indicate that microloans are associated with improved access to 
key agricultural inputs such as fertilizer and seed. However, the high 

Table 5 
Regression analysis of external factors influencing farmers' repayment rates: 
Group Leader Repayment, Gender, and Package Size. This table presents the 
coefficients, standard errors, t-values, and p-values for predictors analyzed in the 
regression model. The linear term for Group Leader Repayment Percentage 
shows a positive association with repayment rates, while the quadratic term 
suggests diminishing returns at higher repayment percentages. Additional pre
dictors, including Group Leader Gender (Male) and Package Size (1st year), 
demonstrate significant associations with repayment performance. Significance 
levels are indicated as follows: ***p < 0.001, **p < 0.01, *p < 0.05.

Predictor Estimate Std. Error t-value p-value

(Intercept) 4.802e+03 1.331e+02 36.089 <2e-16 ***
Group Leader 

Repayment %
5.065e-01 2.649e-02 19.123 <2e-16 ***

(Group Leader 
Repayment %)^2

1.451e-06 1.451e-06 − 9.198 <2e− 16 ***

Group Leader Gender 
(Male)

9.456e+01 4.475e+01 2.113 0.0346 *

Package Size 
(1st year)

-1.033e+02 4.716e+01 − 2.189 0.0286 *

Table 6 
Regression analysis of external factors influencing farmers' repayment perfor
mance: Gender of loan officer (“Community Facilitator”) and number of farmers 
supervised in village. This table presents the coefficients, standard errors, t- 
values, and p-values for predictors examined in the regression model. Loan Of
ficer Gender (Male) is negatively associated with repayment performance, 
indicating a lower repayment rate compared to female facilitators. The Number 
of Farmers Supervised per community shows a positive association with 
repayment rates, suggesting a slight improvement as the number of farmers 
increases. Significance levels are indicated as follows: ***p < 0.001, **p < 0.01.

Predictor Estimate Std. 
Error

t-value p-value

(Intercept) 8024.297 67.320 119.196 <2e-16 ***
Loan Officer Gender 

(Male)
− 418.583 46.124 − 9.075 <2e-16 ***

Number of Farmers 
Supervised per 
community

1.978 0.632 3.130 0.00175 **

Table 7 
Differences between the drop-out group and repeater group in the values of 
vegetative indices (the Wide Dynamic Range Vegetation Index (WDVI) and Ratio 
Vegetation Index (RVI)) taken from the PlanetScope remote-sensing data. Sig
nificance levels are indicated as follows: *p < 0.05.

Index Group Mean SD Median p-value Significance

WDRVI Drop-out 0.3039 0.0392 0.3021 0.0133 *
Repeater 0.3063 0.0384 0.3044 0.3063 ​

RVI Drop-out 4.3634 0.6813 4.3068 0.0413 *
Repeater 4.3967 0.6649 4.3437 4.3967 ​

Table 8 
Confusion matrix of random forest and Out-of-Bag (OOB) Error. The target 
variables is Repater (Yes/No). Overall Out-of-Bag (OOB) error rate: 31.82%.

Prediction Correct (No) Correct (Yes) Class Error

No 420 1029 0.7101449
Yes 308 2445 0.1118780
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first-year drop-out rate (63%) underscores the difficulty of sustaining 

participation. While long-term engagement may generate mutual ben
efits, short-term involvement can entail asymmetric risks (de Souza 
et al., 2021). The large share of single-season participants underscores 
the need to understand better the factors associated with continuation 
and drop-out. Below, we examine these factors and their implications for 
long-term programme design, particularly for initiatives supporting 
women and other disadvantaged smallholder farmers in rural Africa.

5.1. Gender

In our study, female clients were more likely than male clients to 
continue participating in microcredit programs (Fig. 2 and Table 3). This 
finding aligns with previous research suggesting that women's extended 
membership in microcredit programs is often linked to their roles in 
household management, economic autonomy, and empowerment 
(Hoque and Itohara, 2009; Norwood, 2014). It is reported (Garikipati, 
2009) that longer membership can reduce household vulnerability to 
shocks, such as drought, while also increasing the likelihood that women 
will reallocate their time favorably and share domestic responsibilities. 
Female smallholders often face income constraints that limit their ability 
to manage the high transaction costs associated with agricultural ac
tivities, such as purchasing hybrid seeds and fertilizers or selling crops 
(Adegbite & Machethe, 2020). Microcredit programs help address these 
barriers, enabling women to sustain their farming activities.

From an institutional perspective, long-term relationships between 
clients and microfinance institutions improve access to credit (Behr 
et al., 2011), reduce the time required for loan approval (Behr et al., 
2011), and lower default rates (Schrader, 2009). These factors collec
tively highlight the mutual benefits of sustained engagement in micro
credit programs for both female clients and lending institutions.

Table 9 
Variable importance in predicting repeat customers by using the random forest 
method. The values represent the contribution of the variable to predicting drop- 
out customers and repeat customers (negative values indicate a lack of relevance 
or a reverse relationship). Mean Decrease Accuracy indicates the decrease in 
prediction accuracy when the variable is removed, while Mean Decrease Gini 
Measures the contribution of the variable to the purity of nodes in the decision 
trees.

Variables Drop-out 
Customer

Repeat 
Customer

Mean 
Decrease 
Accuracy

Mean 
Decrease 
Gini

Group Leader's 
Repayment rate

− 0.5789 13.5488 11.1858 221.5409

Group Leader's 
Package Size

0.0470 11.8863 10.4077 108.1521

Farmer's Gender 2.3108 1.3428 2.4906 34.3663
Group Leader's 

Gender
2.7262 4.8628 5.6343 39.3385

Loan Officer's Gender 4.4601 6.7639 8.4480 38.6149
Number of Farmers 

supervised per 
community by loan 
officer

5.4924 13.4802 14.7856 257.7148

Bereaved 
Beneficiaries

− 0.2924 − 0.8012 − 0.8850 7.8942

Phone Ownersihp − 0.4915 − 4.6871 − 4.1970 2.5693
Farmer's Package Size − 2.2669 19.7081 17.4881 65.8216
Farmer's Investment − 4.8073 18.4343 17.6775 103.3058
Farmer's Repaid 

amount
14.7554 41.8938 49.2043 325.4648

Relatio Vegetative 
Index (RVI)

− 5.0467 12.9172 9.5735 288.9634

Wide Dynamics Range 
Vegetative Index 
(WDRVI)

− 4.0228 12.8948 9.8393 285.6046

Fig. 6. Simplified decision tree derived from a random forest model. The target variable is a repeat customer, represented as the binary complement of drop-out 
status. Key predictor variables include the amount repaid in Kenyan Shillings (‘Repaid’) and the size of the microloan package in acres (‘Package_Size’).
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5.2. Mobile-phone ownership (concerning microcredit continuity and 
social capital)

Information and communication technologies (ICTs), particularly 
mobile phones, have expanded connectivity across rural Africa and 
strengthened social capital as a strategy for poverty reduction 
(Saracostti, 2007). Mobile technologies improve farmers' decision- 
making by providing access to meteorological and market information 
(Krell et al., 2021). and over 80% of rural Kenyans rely on mobile 
banking due to limited access to traditional banks (Jin et al., 2017). 
Using telecommunication networks can strengthen social capital and 
help the rural poor overcome poverty (Saracostti, 2007). For micro
finance institutions, digitalization can also reduce operational costs and 
improve efficiency (Sohel Rana et al., 2022).

Our results (Fig. 3) suggest that farmers without mobile phones may 
not fully benefit from these advantages. Limited digital access may in
crease vulnerability to climate variability and restrict access to market 
and employment opportunities (Kikulwe et al., 2014; Quandt et al., 
2020), which are central to sustaining smallholder livelihoods (Frelat 
et al., 2017). Moreover, given that many clients discontinue participa
tion after one year, those without mobile access may face reduced 
exposure to both digital information and programme-based in-person 
learning spaces involving loan officers and extension agents. This 
reduced connectivity may coincide with higher drop-out prevalence.

5.3. Bereaved beneficiaries

The balance between efficiency and outreach of microcredit in
stitutions is often discussed (Amin et al., 2003; Hermes et al., 2011). 
Expanding outreach to a wider range of clients, including people with 
low incomes, increases the risk of defaults, which can reduce the effi
ciency of microcredit institutions. For clients, unexpected expenses 
during the cropping season, before harvest, create a risk of low repay
ment performance, and loans often serve as a solution (Balvanz et al., 
2019a). The relationship between the loss of family members and 
participation in microcredit is also well documented (Orton et al., 2016; 
Shahriar et al., 2020). In our study, bereaved beneficiaries showed 
strong repayment performance, exceeding 90% over two years (Fig. 5). 
A local survey by the Association of Kenya Insurance (AKI) found that 
typical funeral costs for middle-class families in Kenya range from KSh 
50,000 to KSh 300,000 (IPSOS). Additionally, there are further health- 
related expenditures, such as hospital bills, operations, and trans
portation. In contrast, the financial support provided by microcredit 
organizations is relatively small (KSh 15,000-20,000).

However, a significantly positive Pearson residual (Fig. 4) indicates 
that more bereaved beneficiaries participated in the second year than 
expected based on overall participation rates, rising from 1.03% in the 
first year to 1.29% in the second. This suggests that the program may be 
particularly effective or appealing to this group. It should be noted, 
however, that households that lost two family members in the same year 
showed a low repayment rate and subsequently discontinued the 
program.

5.4. Group leader

Social influence plays a significant role in affecting individual 
repayment performance in microcredit programs. In particular, re
lationships with group leaders have been shown to strongly influence 
the repayment behavior of ordinary members (Balvanz et al., 2019b; 
Maman et al., 2020). Our study confirms these findings, with a notable 
positive linear relationship between the group leader's repayment rate 
and the repayment performance of ordinary members (p < 0.001) 
(Table 5). This suggests that group leaders who consistently repay their 
loans tend to influence the repayment behavior of their group members 
positively.

Interestingly, we also observed a non-linear relationship between the 

group leader's repayment rate and the repayment behavior of ordinary 
members, with diminishing returns at higher levels of group leader 
repayment (p < 0.001). This suggests that while a high repayment rate 
from the group leader encourages repayment among members, the in
fluence weakens as the group leader's repayment rate increases. This 
plateau effect may reflect a saturation point where the group's behavior 
stabilizes, regardless of further increases in the leader's repayment rate.

Furthermore, the gender of the group leader also plays a role in 
repayment performance, with male group leaders being associated with 
slightly higher repayment rates among members (p < 0.05). While this 
effect is modest, it suggests that group dynamics may vary depending on 
the gender of the leader, potentially influenced by cultural norms and 
expectations (Ba-Tri et al., 2024). In some cultural settings, such as in 
Eritrea and Vietnam, the gender of the group leader has been shown to 
significantly affect the group's cohesion and repayment performance 
(van Eijkel et al., 2011).

Lastly, the loan package size for the group leader is negatively 
associated with the repayment rates of ordinary members (p < 0.05). 
This suggests that larger loan packages for group leaders might create 
financial pressures that affect not only the leader's ability to repay but 
also influence the repayment behavior of the entire group. These results 
highlight the complexity of group lending dynamics, in which both the 
leader's personal repayment performance and the group's financial 
context play crucial roles in shaping overall success.

5.5. Loan officers

The role of the loan officer is often cited as a key factor in influencing 
clients' repayment performance (Agbeko et al., 2017a, Agbeko et al., 
2017b; Otiti et al., 2022; Postelnicu et al., 2014). Given that bor
rowers often choose the group based on pre-existing social ties, such as 
knowing people from before and being neighbours (Gehrig et al., 2021; 
Mahmud, 2020), the presence of the loan officers living in the same 
villages provides a close relationship with the members. In our study, we 
observed two significant variables of repayment performance among 
ordinary members: the gender of the loan officer and the number of 
farmers per village (Table 6). Male CFs were significantly associated 
with lower repayment performance (p < 0.001), suggesting that gender 
influences facilitation style and community relationships. Male CFs may 
face challenges building trust or rapport with clients, affecting their 
ability to motivate repayment. While some studies suggest that male 
loan officers may be more effective due to perceived authority, others 
show that female loan officers are associated with better outcomes and 
microfinance efficiency (Bibi et al., 2018; van den Berg et al., 2015). 
This discrepancy highlights the complex, context-dependent role of CFs, 
influenced by cultural factors, microcredit strategies, credit types, and 
community dynamics (Czura, 2015; Wilson-Barthes et al., 2024).

The analysis also found that the number of farmers supervised per 
village by a loan officer has a small positive effect on repayment rates (p 
< 0.01), with each additional farmer slightly improving repayment. This 
suggests that farmers supervised by a loan officer holding many groups 
within a community benefit from peer support and collective account
ability (Mahmud, 2020). However, the small effect size suggests that 
other factors, such as financial literacy or resource access, may also in
fluence repayment. Despite statistical significance, the low R-squared 
value (0.0053) indicates that these variables explain only a small portion 
of repayment variance, suggesting that other unobserved factors, such as 
the loan officer's interpersonal skills or external conditions, may play a 
role. Further research is needed to explore the full range of factors 
contributing to successful microcredit outcomes, including education 
level (Endris, 2022) and distance to the organization (Alimukhamedova 
et al., 2016).

5.6. Remote-sensing

Remote-sensing technologies, such as vegetation health indices and 
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weather insurance indices, have been applied in African agriculture 
(Jensen et al., 2024; Möllmann et al., 2020), but their link to farmers' 
microcredit performance remains underexplored. While the long-term 
impacts of microcredit programs on rural households are often empha
sized (Berhane & Gardebroek, 2012), few studies examine this 
connection.

Table 7 highlights subtle yet significant differences (p < 0.05) in 
vegetation indices between repeat and drop-out customers. RVI esti
mates biomass and vegetation density, while WDRVI addresses vegeta
tion saturation in high-density areas, capturing a wide range of 
vegetation conditions. These differences may reflect variations in 
farming practices, land management, or environmental factors influ
encing customer outcomes.

Lower vegetation indices are generally associated with lower maize 
biomass and productivity. Within the program population, lower index 
values correspond with a higher prevalence of drop-out status. These 
patterns may reflect differences in farming practices, land management, 
or environmental conditions that coincide with client continuity. 
However, given the observational nature of the study, vegetation indices 
should be interpreted as correlates of participation status rather than 
determinants of program continuation.

5.7. Machine learning

The Random Forest analysis provides an exploratory assessment of 
how behavioral, structural, and environmental variables are associated 
with repeat-customer status in the microcredit program. By applying a 
uniform classification framework, the model enables consistent com
parison of cases with mixed categorical and continuous predictors.

Repayment-related variables rank highest in terms of Mean Decrease 
in Accuracy (Table 9), with repaid amount and loan size emerging as the 
strongest predictors, followed by structural factors such as the number 
of farmers supervised per village and the group leader's repayment 
performance. This pattern suggests that continued participation is 
closely aligned with prior financial engagement and group-level dy
namics. A higher number of farmers within a community may corre
spond with individual participation decisions through shared practices 
or collective expectations (Mahmud, 2020), although such mechanisms 
cannot be directly evaluated in the present design.

The decision-tree structure further illustrates how repayment 
behavior functions as a threshold condition for continued participation 
(Fig. 6). Repaid amount appears as the primary split variable, and 
among farmers who repaid more than 5468 KSh, loan package size 
further differentiates participation patterns. Farmers managing smaller 
package sizes (<0.13 acre) were less likely to continue into the second 
year. These threshold-based splits underscore the role of repayment 
capacity and loan engagement intensity in distinguishing repeat and 
drop-out clients.

Environmental conditions derived from remote sensing also show 
relevance. The relatively high Gini values for RVI and WDRVI (Table 9) 
suggest that vegetation condition—used here as a proxy for maize pro
ductivity relevant to subsistence and income generation—contributes 
meaningfully to classification performance. This highlights the value 
of integrating spatially consistent environmental indicators into ana
lyses of microcredit participation among smallholder farmers.

In contrast, gender-related variables show comparatively lower 
importance scores. This may reflect the stronger differentiating role of 
repayment and structural factors within the available dataset.

Overall, the machine learning results emphasize the multidimen
sional nature of client continuity, in which financial engagement, 
institutional structure, and environmental conditions jointly correspond 
with repeat participation. Consistent with the study design, these find
ings represent patterns of association rather than causal relationships.

5.8. Limitations

This study has several limitations.
First, the analysis is restricted to comparisons within client cate

gories of the same microcredit program, specifically between drop-out 
and repeat clients. No external control group, such as non-clients or 
the general farming population, is included. Accordingly, the findings 
should be interpreted as internally comparative rather than represen
tative of the broader smallholder farming population.

Second, the empirical analysis is based on data from a single 
microfinance organization. The observed patterns may therefore reflect 
institutional practices, data collection procedures, or client-selection 
criteria specific to this organization, which may limit the generaliz
ability of the findings to other microcredit providers or contexts.

Third, the study relies on institutional data collected primarily for 
operational and risk-management purposes rather than through stan
dardized scientific survey designs. As a result, some socio-economic 
characteristics may be measured with varying levels of precision, and 
certain attributes or groups may be underrepresented in the dataset. 
These factors should be taken into account when interpreting the results.

Fourth, the Random Forest model exhibits a moderate out-of-bag 
error rate (31.82%), indicating limited predictive precision, particu
larly in distinguishing repeat clients from drop-out clients. While the 
model is useful for identifying relative variable importance and patterns 
of association, it should not be interpreted as a high-accuracy fore
casting tool. The machine learning component of the study is therefore 
exploratory in nature and intended to complement, rather than replace, 
conventional statistical comparisons.

6. Conclusion

Our study highlights several key factors influencing smallholder 
farmers' retention and participation in a microcredit program. A sig
nificant 63% of farmers engage with the program for only a single sea
son, emphasizing the need to address high drop-out rates. Gender 
emerges as a critical factor in retention, with female farmers exhibiting a 
higher likelihood of becoming repeat clients, while male farmers are 
more likely to discontinue their participation. Mobile phone ownership 
also plays a crucial role, with non-phone users being more prone to drop- 
out, indicating the importance of digital access in sustaining client 
engagement. Interestingly, despite their loss, grieving households 
showed strong repayment performance and continued engagement, 
suggesting resilience among these clients.

It is essential to reorient microcredit programs better to address the 
specific needs of heavy microcredit users and retain potential drop-out 
clients. By prioritizing the unique challenges and opportunities faced 
by female farmers with small loan package sizes, microcredit programs 
can enhance client retention through the peer effects of group leaders 
and the targeted support of loan officers. These efforts can contribute to 
the overall sustainability and long-term success of the program.

Advanced technologies can serve as powerful tools to support 
smallholder farmers and enhance the services provided by microcredit 
institutions. For instance, high-resolution remote sensing proved valu
able in monitoring field conditions at the smallholder level, enabling 
comparisons between future repeat clients and drop-out clients. By 
sharing this information with extension members of microcredit in
stitutions, farmers can receive locally tailored agronomic advice to in
crease yields for self-sufficiency and income, and to retain their 
microcredit. The Random Forest machine learning method, recognized 
for its reliability, identified key features associated with future repeat 
clients. However, determining the underlying factors contributing to 
client drop-out proved more challenging due to the complexity of the 
data. Future studies could integrate a broader range of datasets, 
including biophysical information (e.g., climate and soil) and socio- 
economic data (e.g., household assets, off-farm income sources, village 
population, and infrastructure), and examine client continuity across 
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multiple microcredit providers. Such approaches would support broader 
comparative analyses and further assess the applicability of machine 
learning methods for understanding client drop-out.
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