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Abstract: This study adds an adaptive digital learning component to routine 

microfinance loan servicing to support repayment discipline and enterprise 

income. In day-to-day operations, training and coaching are difficult to 

tailor and to measure using routine records, so comparable operational 

study designs are limited. The protocol delivers short lessons at servicing 

touchpoints and compares clusters assigned to the learning layer versus 

standard practice. Over 6 months, outcomes will be taken from repayment 

records and brief enterprise surveys, including on-time repayment rate and 

30+ days past due. Differences between arms will be reported with 95% 

confidence intervals that account for clustering, alongside planned checks 

for missing data and cross-arm exposure. The blueprint links 

implementation steps to measurable indicators for microfinance institutions 

and monitoring and evaluation specialists running routine programs. 
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Introduction 

Microfinance providers increasingly use digital tools to widen access and 

simplify operations, but training and coaching are still hard to tailor and to assess 

using routine data. Reviews of financial inclusion technology and FinTech in 

microfinance report potential for AI-supported services, alongside limits from 

uneven infrastructure, privacy risks, regulation, and trust (Akanfe et al., 2025; 

Offiong et al., 2024; Sanyaolu et al., 2024). Digital microfinance can lower 

transaction frictions and improve delivery for underserved borrowers and small 

businesses (K. & Aithal, 2024; Omowole et al., 2024a). This paper describes an 

adaptive learning layer built into loan servicing touchpoints to support repayment 

discipline and to measure enterprise income, within a clustered 6-month evaluation 

protocol. Fig. (1) summarizes the borrower journey and the operational actors 

involved. 

 

 

Figure 1.  Microfinance borrower workflow context 

Problem and motivation in microfinance 

Microfinance institutions (MFIs) increasingly use digital tools to deliver credit 

and support clients, but day-to-day limits can slow rollout and reduce service 

reliability. Work on MFI digital transformation reports recurring barriers, 

including concerns about data security, high infrastructure costs, and weak 
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connectivity or platform capacity in some regions (Binaluyo et al., 2024). At the 

system level, the location and type of financial inclusion service points is also 

shifting. Across WAEMU countries, e-money service points expanded quickly and 

are associated with wider access, while bank and MFI service points often show 

weaker relationships (Ndione et al., 2024). 

Digital channels can support enterprise development through broader access, but 

access may not be equal across groups. In Kenya, mobile banking loans appear 

less accessible to women, people with low education, and casual workers, even 

where FinTech loans show fewer constraints (Kim & Duvendack, 2024). For 

MFIs, repayment discipline remains central to portfolio sustainability, and risk 

management practice emphasizes early warning monitoring and staff processes 

that support timely repayment behavior (Omowole et al., 2024b). These constraints 

motivate an adaptive learning layer embedded in loan servicing touchpoints, 

designed to support on-time repayment and enterprise income in routine MFI 

operations. 

Contribution and practical value 

This practice-based article presents a deployable roadmap for adding an adaptive 

digital learning component to routine microfinance loan servicing, with the aim of 

supporting repayment discipline and microenterprise income growth. It describes 

what content is delivered, when it is delivered, and how delivery is tailored using 

engagement signals. Delivery is designed for MFI channels and touchpoints, 

including disbursement, repayment reminders, and group meetings. The design is 

paired with a clustered 6-month evaluation protocol using administrative 

repayment timing data and a brief starting assessment and follow-up enterprise 

income survey, so measurement can be planned alongside rollout (Soremekun et 

al., 2024). 

Relative to fintech roadmaps that emphasize credit access and underwriting, this 

work focuses on the learning intervention and the operating conditions needed for 

a fair comparison in real MFIs (Soremekun et al., 2024). Novel elements include 

a clear module schedule with prompts triggered around due dates, tailoring inputs 

and outputs drawn from learning logs, and guardrails that avoid automated credit 

approval or denial. The manuscript is presented as a prospective protocol, and 

claims are therefore limited to what the stated outcomes and cluster-level group 

assignment can support. 
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Literature Review 

Two related research areas indicate a need for an education-technology 

integrated microfinance design. A bibliometric map of microfinance and women's 

empowerment research reports a growing field, spanning 470 publications across 

67 nations, and highlights fragmented topic clusters that leave room for practical, 

data-linked interventions (Castro et al., 2024). A mapping of 1,959 digital banking 

studies groups the literature into seven technology themes, but emphasizes open 

questions on inclusive delivery and risk reduction beyond smartphone-centric 

banking (Ungratwar et al., 2025). Together, these mappings suggest a gap in MFI 

operations at the intersection of adaptive learning, routine repayment records, and 

enterprise outcomes. 

Borrower training and repayment behavior 

Borrowers differ in business skills, self-control, and exposure to shocks, so one 

training script may not address the specific constraints linked to late payments. 

Evidence from entrepreneurial lending indicates that average credit effects can 

hide large differences across borrowers, with some clients benefiting while others 

are harmed. This suggests that credit decisions and support tailored to borrower 

type may matter for enterprise outcomes and repayment capacity (Bryan et al., 

2024). In microfinance operations, pairing credit with targeted guidance on cash 

flow planning, due date preparation, and problem escalation may improve 

repayment behavior by reducing avoidable delinquency episodes. Approaches that 

use richer borrower and project information to guide capital decisions are 

associated with lower default risk and better portfolio performance than 

conventional strategies, indicating the value of more informed support and 

decision rules (Pacheco et al., 2024). 

Adaptive learning and digital channels 

Adaptive learning delivery in microfinance should fit borrowers’ digital access 

and the factors that drive uptake of digital financial services. Prior studies report 

that digital financial literacy is associated with inclusion and intention to adopt, 

including indirect links from financial and digital skills to use (Adhikari et al., 

2024; Elouaourti & Ibourk, 2024; Khan et al., 2025). Uptake is also associated 

with self-efficacy, ease of use, expected benefits, trust, and perceived security. 

Channel choices (SMS, USSD, WhatsApp, IVR, or apps) should therefore limit 

user effort and support confidence and safety (Islam & Khan, 2024; Kurniasari & 
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Lestari, 2024; Mishra et al., 2024). Digital literacy and use of digital finance are 

linked to womens entrepreneurship, empowerment, and MSME performance, 

suggesting content that ties repayment routines to enterprise decisions (Alom et 

al., 2025; Pratama et al., 2024; Rekha et al., 2024; Showkat et al., 2024). Content 

priorities include financial knowledge, product evaluation, digital literacy, and 

entrepreneurial orientation (Kumar et al., 2024; Mohapatra et al., 2025). 

Methodology 

Study describes an adaptive digital learning system in microfinance loan 

servicing and a prospective clustered field evaluation against standard practice. 

Borrower groups or branches are assigned to intervention or comparator. 

Outcomes are measured for borrowers from administrative repayment records and 

short enterprise surveys. The primary outcome is the on-time repayment rate, 

calculated as installments paid on or before the due date divided by installments 

due during the first 6 months after each cluster start. Secondary outcomes are 30+ 

days past due events within 6 months and change in self-reported enterprise 

income from the starting assessment to 6-month follow-up. Arm means are 

compared using cluster-robust 95% confidence intervals and defined in advance 

missing-data checks. 

Study setting and participants 

The study is intended for use in routine borrower servicing at one or more 

microfinance institutions, where credit repayment is recorded in administrative 

loan systems. The intervention is built into operational touchpoints, including loan 

origination and disbursement, repayment reminders near due dates, group 

meetings, and arrears management. Delivery uses a digital channel that fits the 

institution (for example SMS, USSD, WhatsApp, an Android app, or IVR). 

Participants are loan account holders and their microenterprises, grouped within 

borrower groups or branches that act as the group-level units in the planned 

comparison. 

Borrowers in participating clusters receive either the adaptive learning layer 

integrated into servicing or standard microfinance operations, and outcomes are 

computed at the borrower level. Administrative repayment records describe 

repayment patterns up to 3 months before the cluster start date and define follow-

up over the first 6 months after start. Enterprise surveys are administered for a 

starting assessment within 0-4 weeks before start and again at 6 months (+/- 2 
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weeks). Survey consent emphasizes that participation does not affect loan terms, 

and learning engagement is captured in delivery logs. 

Intervention design and delivery 

The intervention integrates financial capability lessons into routine microfinance 

servicing, so borrowers receive guidance when decisions are made and payments 

are due. Prior evidence in digital financial services indicates that financial literacy 

is associated with greater use of digital services and may strengthen the benefits 

users obtain from those services, which motivates delivering literacy support 

within the same digital journey (Showkat et al., 2024). In this protocol, the content 

is aligned with credit operations, with messages focused on repayment discipline 

and enterprise cash management. Touchpoints include disbursement, reminders, 

group meetings, and arrears support. 

Delivery uses 1-2 short lessons per week, plus event-triggered prompts around 

due dates. Sequencing is adjusted using the loan schedule and engagement signals 

(opens, completions, quiz responses, and opt-outs). Modules are delivered through 

MFI-appropriate channels such as SMS, USSD, WhatsApp, Android apps, or IVR, 

and can be paired with staff dashboards and escalation scripts for human follow-

up. Automated decisions on credit approval or denial are excluded by design. Each 

cluster receives the layer for 6 months, aligned to servicing. The overall workflow 

and timing are summarized in Fig. (2). 

 

 

Figure 2. Intervention and evaluation flow 

 



 

 

Bipin Sule et. al 

 

December 2025                    Enterprise Development and Microfinance Vol. 35 No. 2                   

 

 

Standard practice comparator and contact measurement 

The evaluation is clustered within each participating MFI and compares an 

adaptive learning layer with the microfinance institutions standard practice. 

Standard practice is defined as routine credit servicing plus any non-personalized 

training, coaching, or mentoring already offered to borrowers. It can also include 

generic digital reminders when these are part of normal operations. This 

operational definition helps interpret any observed differences as the added value 

of personalization, rather than simply more contact or staff time. Comparator 

components and planned attention measures are summarized in Tab. (1). 

To assess attention differences between arms, contact is tracked at the borrower 

level as counts and time exposure per borrower-month. Core metrics include the 

number of borrower contacts per month from digital channels and staff 

interactions, estimated minutes of standard-practice training or coaching received, 

and counts of any digital reminders delivered in routine practice. These measures 

are compiled from microfinance operations documentation and used to describe 

the comparator as delivered, show variation across sites, and support interpretation 

of repayment and enterprise outcomes alongside learning engagement logs. 

Table 1. Comparator definition and attention plan 

Element Comparator (Standard 

Practice) 

Attention Metric 

(Per Borrower-

Month) 

Operational 

baseline 

Existing MFI operations: 

credit-only and/or non-

personalized 

training/coaching/mentoring 

Borrower contacts 

(digital plus staff) 

count 

Training and 

coaching 

Any training/coaching 

available under standard 

practice (non-personalized) 

Estimated minutes 

of 

training/coaching 

exposure 

Digital reminders Any digital reminders used 

in standard practice (if 

present) 

Digital reminders 

count 

Overall contact 

load 

Total standard-practice 

contact and exposure 

Number of 

borrower contacts 

per month (digital 
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delivered without adaptive 

personalization 

plus staff); 

estimated minutes 

of exposure 

Clusters, assignment, and leakage controls 

The evaluation uses clusters that match borrower groups or branches within 

participating microfinance institutions, reflecting how borrowers and staff interact 

during routine loan servicing. Clusters are assigned to either the adaptive learning 

system or standard practice so that all borrowers in the same group receive the 

same content and staff scripts. Assignment records are kept at the cluster level 

together with the cluster start time, so outcomes and monitoring can be aligned to 

a common reference point for each cluster. The split unit and the main 

contamination pathways are depicted in Fig. (3). 

 

 

Figure 3. Cluster split and leakage guards 

 

Contamination is reduced through controls on access, staff practice, and 

measurement. Content delivery is limited to intervention clusters using enrolment 

lists, and a monthly audit compares enrolment lists with delivered content logs. 

Staff receive arm-specific guidance at launch, and an implementation log is 
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reviewed during monitoring to record reminders and support actions. Borrowers 

are also asked about exposure to learning content from the other arm to measure 

cross-arm contact. These checks are summarized in Tab. (2). 

Table 2. Cluster split and leakage controls 

Control Area Design Rule How It Is Checked 

Split Unit Cluster is borrower 

group or branch 

Assignment and t0 

recorded per cluster in 

clusters table 

Access Control Content available 

only to intervention 

clusters via 

enrollment lists 

Monthly audit of 

enrollment lists vs 

delivered content logs 

Staff Practice Arm-specific 

guidance and 

reminders for staff 

Staff trained at 

launch; 

implementation log 

reviewed during 

monitoring 

Borrower Exposure Track exposure to 

learning content not 

assigned 

Follow-up survey 

item on exposure to 

other arm content 

Data sources and dataset build plan 

The evaluation dataset will be built from microfinance administrative records, 

learning logs, and brief client surveys collected at the starting assessment and at 

follow-up. Administrative extracts provide installment schedules, due dates, and 

payment timestamps, which are summarized as borrower-level repayment timing. 

They also include loan term, principal, and product type. Borrower rosters list 

cluster membership at the group or branch level, allowing linkage to the assigned 

study arm. Learning logs record content delivery, engagement, and opt-outs. 

Surveys measure enterprise income and exposure to training. 

Dataset construction uses a staged build from raw extracts to a borrower-level 

analysis file. Identifiers are replaced with study IDs before transfer. A linkage key 

merges repayment records, loan metadata, engagement logs, and survey responses, 

while direct identifiers remain outside the analysis files. Derived variables include 

on-time repayment rate over the first six months after cluster start, delinquency 
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events based on days past due, and change in reported enterprise income between 

the starting assessment and follow-up. A data dictionary lists each analysis field, 

its source, and how it was calculated to support repeatable analyses. 

 

Outcomes and how they are calculated 

Outcomes are defined for each borrower using routine microfinance loan 

servicing records and brief enterprise surveys collected during servicing. The main 

window for repayment outcomes is the first 6 months after each cluster start date. 

Pre-intervention repayment history may also be extracted for description and for 

adjustment. Enterprise survey data are collected at the starting assessment within 

0-4 weeks before the start and again at 6 months (+/- 2 weeks). Learning delivery 

logs are used to describe exposure to the intervention and to support monitoring of 

content access. 

The main outcome is borrower on-time repayment rate, computed directly from 

the installment schedule and payment timestamps in the loan servicing system. For 

each borrower, the numerator counts installments due in the first 6 months that are 

paid on or before the stated due date. The denominator counts all scheduled 

installments due in that same 6-month window. Installments are evaluated relative 

to the cluster start date so that borrowers share a common exposure period within 

each cluster. The calculation is summarized below as Eq. (1). 

Secondary repayment discipline is measured as delinquency incidence, defined 

as whether a borrower has any installment that reaches at least 30 days past due 

during the first 6 months. Enterprise performance is captured as the change in self-

reported revenue and profit over the last 30 days between the starting assessment 

survey and the 6-month follow-up. Survey items also record exposure to training 

or messages outside the assigned arm. Planned additional checks repeat 

computations over 3-month and 9-month windows and with 15+ and 60+ days past 

due thresholds. 

𝑂𝑇𝑅 =
𝑁𝑜𝑛𝑡𝑖𝑚𝑒

𝑁𝑑𝑢𝑒
(1) 

Analysis plan for clustered comparison 

The evaluation compares an adaptive learning layer with standard microfinance 

operations, with group assignment at the borrower-group or branch level. The 

primary outcome is each borrower's on-time repayment rate (OTR) over the first 6 
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months after the cluster start date, computed from administrative installment due 

dates and payment timestamps. The primary estimate is the arm difference in mean 

borrower-level OTR, calculated as the intervention mean minus the comparator 

mean, as stated in Eq. (2). Inference is reported with 95% confidence intervals 

using cluster-robust methods. Starting characteristics are summarized by arm at 

both borrower and cluster levels to check for imbalance. Gaps in the repayment 

extract are reviewed and treated as missing data, with an added worst-case 

classification check. The workflow follows practical rollout constraints common 

in field operations (Li et al., 2024). 

 

𝛥̂ = 𝑂𝑇𝑅𝑖𝑛𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝑂𝑇𝑅𝑐𝑜𝑚𝑝
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ (2) 

 

 

Figure 4. Clustered analysis steps 

Implementation monitoring uses learning delivery and engagement logs to 

describe exposure and to diagnose contamination across clusters, supported by 

survey items on cross-arm exposure and contact intensity. Predictive models may 

be used as decision support for targeting or escalation within operational 

constraints, drawing on evidence that machine learning can improve microfinance 

performance prediction in large administrative panels (Tang et al., 2024). When 

multiple support actions are possible, the protocol treats selection as a ranking 
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problem and reports sensitivity analyses under alternative time windows and 

delinquency thresholds, while keeping the primary outcome unchanged (Zaman et 

al., 2025). The analysis steps, including the clustered estimated and cluster-robust 

inference, are summarized in Fig. (4). 

Missing data and protocol deviations 

The clustered evaluation uses administrative repayment records and brief 

enterprise surveys. Methods for missing data and protocol deviations are defined 

in advance. For the primary outcome, repayment extracts are checked for 

completeness at the installment level (due date, amount due, and payment 

timestamp) before borrower-level on-time repayment rates are computed for the 

first 6 months after each cluster start date. Extract gaps are investigated and treated 

as missing. A worst-case classification is also used as an additional check so 

conclusions do not rely on optimistic assumptions. The range of likely values is 

reported with 95% confidence intervals, using cluster-robust inference aligned to 

the cluster-based assignment. 

For the income outcome, the main estimate uses participants with complete 

starting assessment and 6-month surveys. An additional analysis applies inverse 

probability weighting based on starting-assessment covariates and recorded 

contact intensity to assess the influence of nonresponse. Protocol deviations are 

tracked through learning delivery logs (delivery, opening when measurable, 

completion, quiz responses, and opt-outs) and through survey items on cross-arm 

exposure to content and coaching. Cross-arm sharing is minimized through cluster-

based enrollment lists, access restrictions, and staff guidance. These same 

measures provide evidence on whether contamination occurred. Departures from 

the planned lesson cadence or reminder timing are documented and summarized 

alongside outcome estimates. 

Planned additional checks 

These planned additional checks test whether the conclusions change under 

reasonable alternative outcome definitions, instead of relying on one definition. 

Planned checks are summarized in Tab. (3). Two-time windows recompute the on-

time repayment rate over 3 months after t0 (SA1) and over 9 months after t0 (SA2). 

Both are treated as exploratory summaries of early patterns and longer-run 

persistence. Showing these alongside the main analysis helps assess whether any 

differences appear only early or remain when the window is longer. The same 
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estimation method and the same way of summarizing the range of likely values are 

used, so the time window is the only change. 

A threshold check replaces delinquency incidence with DPD incidence at 15+ 

and 60+ thresholds while keeping 30+ as the named main outcome (SA3). This 

helps assess whether any effects are driven by mild lateness or more severe arrears. 

A definition check addresses rescheduled installments by comparing an include-

as-late rule with excluding them from both the numerator and denominator (SA4). 

These analyses focus on common edge cases in repayment records. They are 

interpreted as exploratory evidence that complements, rather than replaces, the 

primary outcome definitions. Each check is defined in advance with a rationale to 

support consistent reporting across implementation sites. 

Table 3. Sensitivity analyses plan 

Sensitivity Alternative 

Definition 

Confirmatory 

Vs Exploratory 

Rationale 

SA1 window 

3m 

On-time 

repayment rate 

over 3 months 

post t0 

Exploratory Shorter 

outcome 

window to test 

timing 

sensitivity 

SA2 window 

9m 

On-time 

repayment rate 

over 9 months 

post t0 (if 

follow-up data 

exist) 

Exploratory Longer 

outcome 

window to test 

persistence if 

data available 

SA3 dpd 15 

and 60 

DPD incidence 

at 15+ and 60+ 

thresholds 

(keep 30+ as 

named 

endpoint) 

Exploratory Threshold 

sensitivity 

around the 30+ 

DPD definition 

SA4 

reschedule 

rule 

Rescheduled 

installments: 

include-as-late 

vs exclude 

from numerator 

Exploratory Tests 

robustness to 

alternative 

rescheduling 

handling rule 
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and 

denominator 

Ethics, consent, and data security 

The planned field evaluation involves microfinance borrowers. It uses brief 

enterprise surveys and routine repayment records. Survey participation requires 

informed consent. The consent text states that participation is voluntary and does 

not change loan terms or access to services. The protocol anticipates ethics review 

when required by implementing partners or local regulations. To keep participant-

facing disclosures easy to find, the manuscript lists statements on conflicts of 

interest, ethics and consent, data availability, and AI tool use in one table with 

pointers to where each item appears. 

Operational data will be managed to protect borrower privacy and limit re-

identification risk. Identifiers will be replaced with codes before transfer, data will 

be encrypted during transfer and storage, and access will be limited to authorized 

staff. Planned retention and deletion steps are described, and the learning system 

supports opt-out without coercive or misleading messages. The study plans to 

share de-identified, aggregated results and analysis code. If real microfinance 

records cannot be shared, a synthetic dataset that matches the analytic schema will 

be provided, along with a detailed data dictionary and calculation scripts. 

Results 

This practice-based article reports planned results from a prospective, clustered 

field evaluation of an adaptive learning layer embedded in microfinance servicing. 

Because this paper is a design and evaluation protocol, the Results section 

describes the outcome summaries that will be produced, rather than completed 

effect estimates. The primary result will be the difference between arms in the 

mean borrower-level on-time repayment rate during the first 6 months after each 

cluster start date, calculated from repayment records. Secondary results will 

include the incidence of 30+ days past due within 6 months, and the change in 

enterprise income from starting assessment surveys (0-4 weeks pre-start) to 

follow-up at 6 months (+/- 2 weeks), for interpretation. 

Planned reporting tables and figures 

The manuscript will report the system design and evaluation protocol using a 

focused set of tables and figures that a microfinance partner can implement. A 
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workflow figure will show where the adaptive learning layer fits in loan 

origination, disbursement, repayment reminders, group meetings, and arrears 

management. It will also show the 6-month cluster timeline and survey schedule. 

Tables will define the study arms, state the assignment unit at borrower-group or 

branch level, and summarize safeguards against cross-arm sharing. An outcomes 

table will list each main outcome, its time window, and its data source. 

Starting characteristics will be summarized by arm at borrower and cluster 

levels, including loan features and any available tenure or engagement history. A 

comparator table will describe standard microfinance operations for each site and 

report measured contact intensity to interpret attention differences. Sensitivity 

analyses will appear in a dedicated table that keeps the primary on-time repayment 

rate over the first 6 months. It will add exploratory checks using 3-month and 9-

month windows and delinquency thresholds of 15+ and 60+ days past due, 

alongside the stated 30+ days past due outcome. An appendix will provide a data 

dictionary linking raw extracts to derived variables. 

How results will be interpreted 

Results will be interpreted relative to standard microfinance operations, focusing 

on the difference in the mean borrower-level on-time repayment rate over the first 

6 months after each cluster starts. A higher rate in the adaptive learning arm will 

be interpreted as improved repayment discipline during this window. Interpretation 

will emphasize the effect size and its 95% confidence interval, rather than any 

single cutoff. Because borrower and staff interactions occur within groups or 

branches, interpretation will consider spillovers between arms and measured 

contact intensity to separate personalization effects from additional reminders or 

staff time. 

Secondary evidence from 30+ days past due incidence and change in enterprise 

income will be treated as complementary, with attention to whether both move in 

the same direction as on-time repayment. Planned sensitivity analyses using 3- and 

9-month windows and delinquency cutoffs of 15+ and 60+ will assess whether 

conclusions depend on these definitions while keeping the main outcomes 

unchanged. The manuscript presents a prospective evaluation protocol, so 

conclusions will be framed as what the planned design can test. Causal language 

will be used only when cluster assignment is randomized. 
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Discussion 

The paper describes an adaptive digital learning component built into 

microfinance loan servicing and a cluster-level 6-month evaluation to compare 

repayment behaviour and microenterprise income with standard practice. Primary 

repayment measures come from routine servicing records, paired with brief, timed 

enterprise surveys, to keep the intervention feasible and measurable within normal 

MFI workflows. The design recognizes common field risks, including cross-group 

sharing of content and differences in staff contact, and it proposes monitoring and 

sensitivity analyses to support interpretation. If implemented, this approach could 

let MFIs test personalization without changing credit decisions while keeping 

outcomes and claims within the evaluated setting. 

Implementation feasibility and operational risks 

Operational feasibility depends on placing short adaptive lessons within routine 

microfinance servicing, rather than adding a separate program. The system sends 

1-2 micro-lessons per week plus due-date triggered prompts through a channel 

suitable for the MFI, such as SMS, USSD, WhatsApp, an Android app, or IVR. 

Delivery is linked to existing touchpoints, including origination, disbursement, 

repayment reminders, group meetings, and arrears management. Staff dashboards 

and escalation scripts support follow-up, while keeping a guardrail that the system 

does not automate credit approval or denial. Implementation monitoring uses 

delivery and engagement logs. Repayment extracts aim for >= 98% completeness 

for due dates and amounts. 

Key operational risks include different levels of attention between the adaptive 

learning arm and standard practice, and contamination if staff or borrowers share 

content across groups. The protocol therefore defines standard microfinance 

operations per institution and records contact intensity from both digital messages 

and human follow-up to help interpret differences. Cluster-level assignment at the 

borrower-group or branch level, limits on access to intervention content, and staff 

guidance are used to reduce spillovers, supported by survey items on cross-arm 

exposure. Alternative windows at 3 and 9 months and delinquency thresholds at 

15+ and 60+ provide additional checks. 

Limitations and validity risks 

Evaluating an adaptive learning layer inside routine microfinance operations 

raises validity risks linked to how borrowers and staff interact. Because delivery 
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occurs through borrower groups or branches, information can travel across arms 

when clients attend joint meetings, staff rotate, or messages are forwarded, creating 

interference between clusters. These spillovers can dilute differences between the 

intervention and standard practice, or shift outcomes in hard-to-predict directions. 

The protocol therefore emphasizes cluster-level group assignment, access control 

to learning content using enrollment lists, and staff guidance that discourages 

cross-arm sharing. Surveys also capture cross-arm exposure and the intensity of 

training and contacts during the six-month window. 

Even with clustering, comparisons remain sensitive to confounding if clusters 

differ at the starting assessment in repayment history, loan terms, client mix, or 

branch management quality. Balance checks at both borrower and cluster levels, 

together with a covariate set defined in advance, help interpret whether observed 

differences plausibly reflect the learning layer rather than pre-existing variation. 

Statistical imprecision is reported with cluster-robust 95% confidence intervals, 

and a small number of clusters can reduce precision. Administrative extracts and 

survey follow-up can contain missing records. The plan uses rule-based handling 

and additional checks, including worst-case classifications for repayment gaps. 

Income measures rely on client recall. 

Where this may or may not apply 

This protocol is intended for microfinance providers that can add short, adaptive 

lessons to routine loan servicing and can reliably extract installment due dates and 

payment timestamps. It is most likely to transfer to settings where borrowers 

interact through stable groups or branches. This allows assignment by group and 

practical steps to limit cross-arm sharing. The six-month outcome window matches 

common repayment cycles and tests repayment discipline in the near-term while 

the learning layer runs within standard operations. 

It is less suitable where repayment is highly irregular, where systems do not 

record due dates consistently, or where borrower contact is mainly unlogged, face-

to-face interaction. Effects may be difficult to interpret if usual practice already 

includes intensive coaching, or if differences in reminders or staff time outweigh 

any benefit from personalization. Enterprise income change is measured by self-

report surveys, so evidence on business performance will be strongest where 

follow-up is high and seasonality is stable. 
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Conclusion 

This practice-based article describes an adaptive digital learning layer added to 

routine microfinance servicing to strengthen repayment discipline and support 

microenterprise income growth. It sets out workflow touchpoints, 1-2 micro-

lessons per week with due-date prompts, and personalization signals with 

guardrails. A proposed clustered evaluation compares the system with standard 

practice over 6 months. Main outcomes include borrower-level on-time repayment 

from administrative records, 30+ days past due, and enterprise income from a 

starting assessment to a 6-month survey. Safeguards against cross-arm sharing and 

cluster-adjusted ranges of likely values are intended to support use across 

institutions and clear evidence for scaling decisions. 
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