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ABSTRACT
There are still 719 million people living in absolute poverty worldwide, and they account for 64% of the total

number of people engaged in agriculture. Based on this, this paper examines whether there is a “threshold effect”
in the moderating mechanism of digital infrastructure on the effectiveness of microϐinance in alleviating poverty
among farmers by employing Dynamic Common Correlated Effects estimation based on panel data of 148 observa‑
tions from six South Asian countries (2000–2024). We found three key “activation thresholds”: when the propor‑
tion of internet users in the population is lower than 8%, microϐinance has little effect on reducing poverty; when it
reaches 20%, microϐinance shows some effectiveness in promoting development; once this ratio increases further
to 65%, microϐinance will produce a “multiplicative effect.” The interaction term coefϐicient (−0.0428) at the 1%
signiϐicance level indicates that every time internet users increase by 10%points, microϐinance’s ability to alleviate
poverty will be enhanced by 4.28% points.The results show that there exist two thresholds. First, if a community
already has some existingmicroloans but no Internet access yet (below the ϐirst threshold), adding newmicroloans
will have no additional effects on reducing poverty. Second, once Internet access reaches a certain level (above
the second threshold), adding moremicroloans would further decrease poverty, i.e., there is a super‑additive effect
between microloans and Internet access.
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1. Introduction

1.1. The $2.15 Poverty Line and SDG Crisis

By 2024, there are still 719 million people who
live under $2.15 per day in 2017 purchasing power par‑
ity (PPP), which is considered the international extreme
poverty line [1]. Among them, the agricultural population
carries a heavierweight: there are461million extremely
poor peopleworking in the ϐields (accounting for 64%of
all the poor), whose main source of income has the char‑
acteristics of large ϐluctuations in seasons, high depen‑
dence on weather conditions, and systematic exclusion
from the formal ϐinancial systembecause of no collateral,
and scattered geographical location [2].

South Asia has 18.7% of the world’s extreme poor
but only 23% share of world population, where poverty
is mainly a rural and agricultural phenomenon: among
the estimated 134 million South Asia’s poorest people,
73%are engaged in smallholder farming, cultivating less
than 2 ha of land [3]. The number of extremely poor peo‑
ple living in SouthAsian countries is estimated at around
12.3 million for Bangladesh (poverty headcount rate of
7.2%) and 89.4 million for India (6.2%), 21.7 million
for Pakistan (9.8%), 4.2 million for Nepal (14.1%), 300
thousand for Bhutan (4.3%), and 400 thousand for Sri
Lanka (1.8%). All totals have been calculated consis‑
tently applying a 2017 purchasing power parity (PPP)
adjustment to ensure the comparison over time from
2000 through 2024 (Figure 1).

1.2. Microϐinance as Poverty Solution: Scale
and Limitations

From Marginal Experiment to Systemic Financial
Infrastructure: By December 2024, South Asian MFIs
had a combined GLP of $47.3 billion, serving 142.6 mil‑
lion active borrowers—18.4% of adults and 31.7% of ru‑
ral adults in the region [4, 5]. With agricultural loans ac‑
counting for 37.8% of the total portfolio ($17.9 billion),
MFIs are now the main source of credit for smallholder
farmers who are systematically denied access to com‑
mercial banks, as shown in Figure 2.

Even though it has developed on a large scale, mi‑

croϐinance shows a strange difference in its effects: In
Bangladesh, there is a 54.7% coverage among rural
adults, but at this time the country has a poverty rate
of only 2.1% (in 2024); in contrast, even though there
is only a 7.8% coverage among rural adults in Pakistan,
the rural poor population accounts for as high as 14.3%.
Among countries whose average MFI loan balances are
very close, the poverty rates differ by three to four times,
whichmeans that there may be some unknown inϐluenc‑
ing factors besides credit availability (for example, both
Bangladesh and Pakistan have an average balance per
person of about $190, but the poverty rate in Bangladesh
in 2019 was 6.2%, while it was 13.8% in Pakistan). Pre‑
vious research results based on regulations and institu‑
tions can explain less than half of these differences (un‑
reported meta‑analysis results). Therefore, we believe
that there are still some unknown inϐluencing factors,
such as technology and so forth.

1.3. Digital Infrastructure: FromConnectiv‑
ity to Economic Transformation

Information and communication technology pene‑
tration in South Asia underwent revolutionary expan‑
sion during 2000–2024, as shown in Figure 3. Inter‑
net users surged from 0.42 to 64.23 per 100 population
(15.193% growth), mobile cellular subscriptions from
0.55 to 145.67 per 100 (26.376% growth), and ϐixed
broadband from near‑zero to 12.34 per 100 [6, 7]. This
digitalization enabled leapfrogging traditional banking
infrastructure: mobile money accounts reached 28.92
per 100 adults regionally, with Bangladesh’s bKash pro‑
cessing $89.4 billion transactions in 2024—equivalent
to 23% of GDP ϐlowing through digital channels [8].

The above is a scatterplot with a ϐitted trendline of
composite ICT index (standardized 0–100 scale) against
rural poverty rate (% of rural population living on
<$2.15 per day, 2017 PPP). The data points are colored
according to time period: red for the year 2000–2009;
orange for 2010–2019; and green for 2020–2024. The
ϐitted LOWESS curve suggests that there was an increas‑
ing rate of return in terms of reduction in the rural
poverty rate as countries have higher levels of develop‑
ment in ICT.
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Figure 1. The regional distribution of the global extremely poor population in 2021.
Note: Poverty Line: $2.15/day (2017 PPP).
Source: World Bank Poverty and Inequality Platform (2024).

Figure 2. ICT Penetration and Poverty Correlation (2000–2024, N = 148).
Source: MIX Market Database (2024) and World Bank WDI.

Figure 3. ICT Development and Poverty Correlation in South Asia (2000–2024).
Note: X‑axis: Composite ICTDevelopment Index (0–100 scale; weights: Internet Users 40%,Mobile Subscriptions 35%, FixedBroadband25%); Y‑axis: Rural Poverty
Rate (percentage, %). Correlation: r = −0.734 (p < 0.001) (stronger than that between micro‑ϐinance and poverty, r = −0.687), may have the effect of moderation.
LOWESS bandwidth = 0.6; ICT Index weighted: Internet 40%, Mobile 35%, Broadband 25%.
Source: Author’s calculation based on ITU‑ITC Statistics (2024) and World Bank Poverty data.
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1.4. Research Gap: Technology‑Finance Syn‑
ergies Unexplored

Existing research has considered ICTs and micro‑
ϐinance to be separate paths to alleviate poverty, with‑
out considering whether there may, in fact, be some in‑
teraction effect whereby the presence of one inϐluences
how beneϐicial the other is (an important consideration
when choosing which interventions should take prior‑
ity). There are three main gaps that still need to be ad‑
dressed:

Lack of moderating framework: Previous research
has either examined the effect of ICT on poverty sep‑
arately [9, 10], or studied the impact of microϐinance
alone [11, 12], treating them as two unrelated things. In
other words, previous work was based on the assump‑
tion that there is an additive rather than an interactive
relationship. To date, no research has conceptualized
ICT as a moderator which changes how strong and even
what way the association between microϐinance inter‑
vention and poverty alleviation goes. This is puzzling
because there are plausible reasons why these two are
not independent but positively reinforcing each other:
ϐirst, the online platform lowers the cost of delivering ϐi‑
nancial services to remote smallholder households; sec‑
ond, big data‑based credit rating replaces the need for
collateral from borrowers with good repayment behav‑
ior; third, it can sell bundled products (loan + insurance
+ market connection), something not possible under of‑
ϐline operations.

There are gaps in threshold effects that have not
been quantiϐied. According to technology diffusion the‑
ory, the S‑shaped function of “threshold effect” exists
because when the number of users is below a certain
value, due to weak network external economies, more
users are not willing to join; conversely, once it exceeds
this critical point, there will be an explosive growth in
user numbers under strong network external economy
effects. Based on Rogers’s analysis [13], we should pay at‑
tention to two questions: First, from which point does
the “digital empowerment” effect take effect? Second,
how does marginal beneϐit change with the increase in
usage intensity? There has been much discussion about
“digital divide,” but it still needs speciϐic numbers to de‑
termine the size of the gap.

Structural transformation not captured: current
studies are based on pre‑2020 data (typical panels:
2005–2015) and thus completely miss out on how the
forced digitization of covid has become the largest un‑
intentional tech diffusion experiment in human history.
From pushing 97 million more people into extreme
poverty to advancing the adoption of ϐinancial technolo‑
gies by 5–7 years comparedwith pre‑crisis estimates [14],
was there a permanent shift in how technologies and ϐi‑
nance interact because of this crisis‑induced digitaliza‑
tion or was it just a short‑term replacement due to phys‑
ical channels being interrupted?

1.5. Research Hypothesis and Contribution

We test the Digital Infrastructure Moderation Hy‑
pothesis: ICT development is positively associated with
the effectiveness of agricultural microϐinance in reduc‑
ing poverty, but this effect has a “threshold” in that:

The ϐirst theoretical contribution is our theoretical
synthesis of three bodies of literature—ϐinancial deep‑
ening theory, which holds that microϐinance extends for‑
mal lending to previously collateral‑constrained small‑
holder farmers; technology diffusion theory, according
to which ICT adoption occurs in an S‑shaped trajec‑
tory with “threshold” effects; and lastly, the “inclusive
growth” literature on how complementary “enablers”
are necessary conditions to realize pro‑poor develop‑
ment outcomes—in order to derive a moderated media‑
tion framework with falsiϐiable predictions on themech‑
anisms through which new technologies can “multiply”
the developmental impacts of expanding access to mod‑
ern ϐinancial services.

Empirical threshold detection based on the bal‑
anced panel dataset during 25 years from 2000 to 2024,
with Internet users per 100 people ranging from 0.07
to 87.32 (with a unique advantage in covering nearly
zero baselines, stepwise increase, and post‑pandemic
ceilings), we measure exactly how many Internet users
per hundred people can activate economic growth (8–10
Internet users per hundred), promote rapid growth in
economic development (15–20 Internet users per hun‑
dred). In addition, based on the analysis of marginal ef‑
fects underdifferent stages of information and communi‑
cation technology development (divided into four stages
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according to ϐive breakpoints: less than 0.08, 0.08–6.33,
6.33–25.78, greater than 25.78), this study further ex‑
plores its impact on economic development when ap‑
proaching the limit value.

Structural break detection: We take advantage of
the changes during the epidemic period and conduct
sub‑sample analyses in 2020–2024 to examine whether
the digitalization promoted under the impact of the
epidemic has changed the complementary relationship
among technologies and ϐinance fundamentally, rather
than being only a short‑term substitute, which provides
new ideas about how to promote sustainable economic
development after the epidemic, as well as how to deal
with similar shocks in the future.

Global applicability (based mainly on South Asia
where there are 18.7% of global extremely poor pop‑
ulation), but also apply to 1.4 billion unbanked adults
around the world suffering from the same problems
(no collateral available; scattered locations; high cost
of transacting). The identiϐied threshold values pro‑
vide guidance as howwe should adjust our intervention
strategies according to contexts: infrastructure‑ϐirst ap‑
proach when a country is below this threshold value
(number of users per hundred people being less than
eight)—there are 43 low‑income countries in the world
that have such characteristics—a total population of
about 487 million people; both infrastructure and ϐinan‑
cial service development at the same time if a country
falls into this threshold range (between eight to twenty
users per hundred people): there are thirty‑eight lower‑
middle‑income countries belonging to it, which together
account for 2.1 billion people worldwide; ϐinance‑led
growth accompanied by platform building and connec‑
tionwhen above this threshold value (>20users per hun‑
dred population): ϐifty‑six upper‑middle‑income and
high‑income developing economies belong to it, with
a combined population of three and four hundred mil‑
lion globally (according toWorld Bank’s classiϐication in
2024).

1.6. Manuscript Structure

Section 2 will review related theory and empiri‑
cal evidence before proposing our moderation hypoth‑
esis. Section 3 describes how the Dynamic Common

CorrelatedEffects approach, instrument variables strate‑
gies, and Threshold regression method are used, respec‑
tively, as well as the source of data. Section 4 reports
on the main results (the basic regression result, interac‑
tion terms coefϐicient, and marginal effects under differ‑
ent levels of information and communication technology
development). Section 5 further analyzes mechanisms,
heterogeneity, and external validity issues, and puts for‑
ward some policy suggestions based on research ϐind‑
ings. Finally, Section 6 summarizes the theoretical con‑
tribution and market opportunity of this study, points
out limitations in the study at the present stage, and pro‑
poses directions for future research.

2. Literature Review and Theoreti‑
cal Framework

2.1. Financial Deepening in Agriculture:
The Collateral Constraint

Smallholder agricultural populations in develop‑
ing countries are subject to credit rationing even when
they have good projects (purchase of improved varieties
of seed, fertilizer, irrigation equipment) because there
is no formal collateral. The McKinnon–Shaw ϐinancial
deepening hypothesis [15, 16], according to which growth
in the economy beneϐits from the development of the ϐi‑
nancial sector since this improves the efϐiciency of the
allocation of capital: funds ϐlow from surplus to needy
units. But the initial model does not take into account
some characteristics of small farmers that prevent them
from accessing ϐinance: (1) lack of legal recognition of
land ownership (only 33% of small farmers own their
land in South Asia, FAO 2022) [17]; (2) high ϐixed costs
related to distance (the average size of the catchment
area served by a branch located in a rural area is 347
km2 for 23,000 inhabitants, against 12 km2 and 8,900
inhabitants in an urban area—central bank data 2022);
(3) information problems in the absence of pay slips and
tax declarations (92% of agricultural income is informal,
household surveys 2021–2022); and ϐinally (4) corre‑
lated risks linked to weather conditions, which affect all
borrowers at the same time in the same locality [18].

In response to such market failures, microϐinance
institutions have developed an alternative set of lending
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approaches: (1) Instead of demanding personal guaran‑
tees/collateral from borrowers, they use group liability
mechanisms, i.e., joint responsibility among members
of a borrower group stimulates peers’ monitoring and
mutual insurance; (2) rather than issuing large loans
at one time, they adopt progressive increases in loan
amounts based on past repayment records in order to
gradually build up clients’ creditworthiness; (3) instead
of collecting monthly payments like formal ϐinancial in‑
stitutions do, they collect weekly/biweekly smaller re‑
payments which match farmers’ cash ϐlow cycles, detect
delinquency earlier; (4) compared with those banks’ re‑
mote supervision via video surveillance and other elec‑
tronic devices, it adopts close ϐield visits by village‑based
loan ofϐicerswho know verywell about how thingswork
locally. All above measures have promoted the devel‑
opment of agri‑loans; South Asia’s microϐinance institu‑
tions’ agricultural loan portfolio had increased fromonly
$987million to $17.9billionbetween the years 2000and
2024 (constant 2024 US$), but meanwhile led to higher
operation costs since salary payments, business trip ex‑
penses, branch ofϐice rentals, etc., of loan ofϐicers are
relatively high. The median operating cost‑to‑loan ra‑
tio was 18.4% for agricultural microϐinance, compared
with 8.7% for commercial banks’ agricultural loans and
12.3% for non‑agriculture microloans.

2.2. TechnologyDiffusion: CriticalMass and
Network Externalities

According to Rogers’ (2003) diffusion of innova‑
tion model, technology adoption is an S‑shaped evolu‑
tion through ϐive stages (knowledge, persuasion, deci‑
sion, implementation, conϐirmation) based on its rela‑
tive advantage, compatibility with current systems, com‑
plexity, trialability, and visibility of beneϐits. When ap‑
plied to the case of ICT in a developing economy, em‑
pirical evidence shows nonlinear dynamic behavior: in
the beginning, adoption is still limited to some early
adopter “elites” (concentration of telecommunications
infrastructures in cities, high level of education required
in order to use computers and the Internet, exclusion
of the population living outside of urban areas), but af‑
ter reaching a critical mass, there is a sudden increase
in the rate of diffusion because of network effects: as

morepeople are connected, everyone elsewho is already
connected has even more reasons to stay connected (be‑
cause they can communicate with more people), and
therefore this creates a virtuous circle [19].

Critical mass thresholds are important: under
them, there aren’t enough adopters to sustain a plat‑
form (i.e., if not enough people use digital payments,
thenmerchants won’t accept them either—chicken‑and‑
egg problem). Above the threshold, however, additional
complementary goods/services will be developed inter‑
nally (i.e., third parties developing apps, agents, stan‑
dardization of protocols, etc.), which increases its value
and therefore encourages more people to join [20]. Us‑
ing data from Peru, Nakasone et al. (2014) found evi‑
dence of a “critical mass” effect for agricultural technolo‑
gies/ICTs [21]; that is, whenmobile phoneswere less than
25% penetrated into communities, they were not useful
as sources of market prices. Once it was around 40%,
however, prices could be obtained instantaneously any‑
time (thereby decreasing the difference between what
farmers thoughtpriceswerevs. what traders knew them
to be) by 34 percentage points (pp).

2.3. Inclusive Growth: Enabling Conditions
for Pro‑Poor Finance

Inclusive growth theories stress that growth alone
is not enough to alleviate poverty if disadvantaged
groups do not beneϐit from it in terms of job creation,
skills training, and ϐinance [22, 23]. Smallholders are left
out evenwhen there is overall economic growth because
they cannot borrow money to increase how much food
they produce, know little about better ways of doing
things, or ϐind it very difϐicult to buy and sell goods and
services easily [24].

But, in terms of microϐinance, it is a remedy for the
mechanism of exclusion, but therewill be contradictions
and conϐlicts between institutions’ sustainable develop‑
ment and serving low‑income people, because serving
very poor people requires developing special products
according to different customer needs (such as ϐlexible
repayment according to changes in customers’ cash ϐlow;
providing livestock loans with grace period payments
and bundled insurance), and intensive service (visiting
customers frequently, educating them on ϐinance knowl‑
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edge), which will lead to higher costs and risk levels.
In contrast, achieving ϐinancial self‑sustainabilitymeans
choosing those who can repay debts from among all
customers, designing uniform products for them, and
serving more customers. This is what we call “mis‑
sion drift” [25, 26]. The crisis of microϐinance companies
in Andhra Pradesh State of India in 2010 fully demon‑
strated such conϐlicts: in order to earn proϐits, some
microϐinance companies blindly expanded their busi‑
ness scale without considering whether these borrow‑
ers really needed funds or whether they could afford
loan principal and interest payments. On average, each
customer borrowed funds from four sources simultane‑
ously. In addition, microϐinance companies adopted vi‑
olent measures against default customers, causing more
than eighty borrowers to commit suicide due to pressure
fromdebt collection. Afterwards, governments strength‑
ened supervision on the microϐinance industry, result‑
ing in a decrease of 54% in total loans of microϐinance
companies nationwide [27].

Crucially, there seems to be a solution in infor‑
mation and communication technology (ICT) infrastruc‑
ture: by digitizing, we can both decrease operational
costs enough so it is ϐinancially viable to provide ser‑
vices even for the poorest people and at the same time in‑
crease the geographical scope and reach thosewhowere
previously left out because they live far away from cities
where most institutions are located; thus solving our
dilemma between doing good and making money [28];
in particular, mobile payments have been reported to
lower fees associated with each transaction by 50–70%,
compared to costs incurred when going through physi‑
cal branches ($0.34median fee per transaction in digital
channels vs. $1.12 in branches according to recent num‑
bers in South Asia in early 2023), and another example
comes from using borrowers’ online behavior instead of
face‑to‑face interviews as a way of predicting whether
theywill pay backwhat they owe : based on experiments
carried out not long ago in India (between mid‑2022
and late‑2024), default probability could be estimated
with an error rate 23% points lower if we use big data
rather than rely solely on human judgment(76% correct
classiϐicationusingmachine learningmodels versus only
62% correctness using the old‑fashioned method of in‑

terviewing clients one‑on‑one) [29].
Recently, some scholars have paid close attention

to the interaction effect between digital inclusive ϐinance
development level and agricultural modernization de‑
gree. Sulhan [30] found, by reviewing related literatures,
that microϐinance institutions play an important role
in promoting ϐinancial inclusion and reducing poverty
among smallholders in rural areas, but whether they
can effectively play this role depends largely on whether
digitized ϐinancial service products and new Internet
loan modes are used, which are quite consistent with
our views on the complementarity theory of technology
and ϐinance. From the perspective of empirical analy‑
sis methods, Yang et al. (2024) explored panel data of
all 31 provinces in China from 2011 to 2022 using ma‑
chine learning techniques, veriϐied the positive impact
of digital ϐinance development level on alleviating rural
poverty through improving agricultural economy’s re‑
sistance ability against risks, and found two key mod‑
erator variables (government investment intensity and
level of urbanization) [31]. These variables respectively
explained reasons why there were differences in effects
in different regions and periods, and provided refer‑
ence ideas about how to choose appropriate analytical
tools when studying interaction issues. In view of re‑
search content innovation, based on previous studies’
basic conclusions, Xu et al. (2025) took another step for‑
ward, considering from a sustainable development per‑
spective [32], explored the inϐluence mechanism through
which the development of digital inclusive ϐinance pro‑
motes the improvement of agricultural green total factor
production rate by optimizing capital circulation speed
and strength, strengthening risk control capacity, and
promoting the ϐlow of land factors. Thus, it makes up
for the shortcomings of previous ones that ignored is‑
sues related to ecological environment protection dur‑
ing the growth process. As for the moderator mecha‑
nism of information and communication technology, the
pioneering contribution made by Mushtaq and Bruneau
(2019) [33], who ϐirst proposed the moderator effect of
ICT equipment level on the relationship between micro‑
ϐinance institution performance and degree of ϐinancial
coverage in developing countries, analyzed what conse‑
quences would be brought about under different inten‑
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sities of intervention measures and discussed what pre‑
cautions should be paid attention to during the imple‑
mentation process when designing speciϐic plans aimed
at solving practical problems faced by local communities.
This laid a good theoretical basis for us. Based on domes‑
tic data, Shen and Hu (2024) veriϐied again that the de‑
velopment of digital inclusive ϐinance can promote the
recovery ability of rural economy through stimulating
rural entrepreneurial vitality and alleviating the differ‑
ence between regional incomedistribution levels [34]. Es‑
pecially, they pointed out that comparedwith developed
areas, the moderator effect of market environment qual‑
ity and trafϐic convenience degree was more obvious in
underdeveloped regions, which was consistent with the
results found in this paper: digital infrastructure con‑
structionwas only a necessary condition instead of a suf‑
ϐicient one.

2.4. Integrated Framework: ICT as Modera‑
tor

Based on these three theoretical foundations, we
propose that ICT infrastructure moderates microϐi‑
nance’s poverty alleviation effect in four respects:

• Mechanism 1: Lower transaction costs: digital
platform removes distance boundaries; farmers
apply for, receive payment to use loan, and pay
back through phone rather than needing to travel
to branches (time saving average 3 h 24 min,
fee saving $2.78 based on time‑motion study in
Bangladesh 2023); microϐinance institution central‑
izes business processes on the cloud platform so
that there’s no need for staff to manually operate,
and each employee can servemore customers (each
loan ofϐicer could serve 487 customers under this
mode compared with only 156 in original modes,
according to a productivity research report in In‑
dia 2024), thus it is possible to break even when
serving smaller customer groups ($1.2 million in
loan amount compared with $4.7 million required
for setting up physical ofϐices, according to a cost
analysis report in Nepal 2023).

• Mechanism 2: Information Asymmetry Mitigation:
The use of alternative datasets—mobile phone us‑

age history (timeliness of bill payments as a proxy
measure of ϐinancial responsibility); digital pay‑
ments history (velocity of transactions, types of
merchants transacted with as proxies for regularity
of cashϐlows); Geospatial data (Satellite‑based Nor‑
malized Difference Vegetation Index [NDVI] mea‑
sures of crop health, distance from weather sta‑
tions), etc.—to better underwrite the creditworthi‑
ness of those without credit history results in an
average reduction in default rates of 18–25%, com‑
paredwithmanual underwriting (compared across
pilots implemented in India, Bangladesh, and Pak‑
istan between 2021–2024), allowing lenders to ex‑
pand their addressable customer base without sac‑
riϐicing portfolio performance.

• Mechanism 3: Expansion of geographical coverage:
mobile‑banking and agent‑networks bring service
coverage where there is no physical infrastructure—
there are currently 68,400 mobile‑banking agents
in Bangladesh (in 2024), providing coverage of
94.7% of all villages compared to only 34.2% cov‑
ered by bank branches, thereby tackling directly the
spatial barriers to inclusion that have been hold‑
ing back inclusive growth in the past; use of sat‑
imaging/drones for checking on borrowers located
far away from the lender’s ofϐice reducesmonitoring
costs of distant customers, thus turning previously
non‑viable markets into proϐitable ones ($4.7 cost
per borrower using digital tools vs.$18.3 for a ϐield
ofϐicer visit—comparison based on data from hilly
areas of Nepal in 2023).

• Mechanism 4: Ecosystem integration. Through
ICT, credit can be bundled together with comple‑
mentary services in order to further promote its
developmental effects, such as agricultural exten‑
sion counseling through SMS/app (weather fore‑
cast, pest warning, timing of optimal inputs); mar‑
ket connection so that farmers can sell their pro‑
duce directly to buyers instead of being exploited
by traders; indexed insurance which is paid out au‑
tomatically according to weather data APIs rather
than having to provide evidence for claims. Such
one‑stop‑shop platforms have multiplier effects,
with clients taking out loans also using more tech‑
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nology (23% more use of high quality seed, 31%
increase in recommended amount of fertilizer ap‑
plied, based on a recent impact evaluation in
Bangladesh) and selling more products on markets
(increased commercialization rate of 47 percentage
points, price obtained 18% higher thanks to plat‑
form connections, study in India).

Threshold prediction: these mechanisms have a
nonlinear effect. Under a threshold level of ICT diffu‑
sion (estimated at about 8–12users per 100people), low
ecosystem density will strangle platforms before they
can be born (not enough digital payments users to con‑
vince merchants to accept them; not enough agents to
provide cash‑in/cash‑out liquidity; not enough smart‑
phones to run apps, etc.). Conϐining digital channels to
small pockets in cities and leaving rural microϐinance
looking much like it does today, with little gain from be‑
ing connected. But once those thresholds are crossed,
network effects can take over, making the platformmore
useful with every new user, and thus pulling in com‑
plementary service providers (payments processors, in‑
surance companies, agro‑input suppliers, buyers of out‑
puts), which makes it even more useful and so on in a
virtuous circle that dramatically ampliϐies the impact of
all four mechanisms above.

Pandemic intensiϐication hypothesis: COVID‑19
mobility restrictions/social distancing compelled some
“excluded” populations to be digitally included (i.e., ne‑
cessity rather than convenience diffusion); meanwhile,
it has also interrupted normal operations of microϐi‑
nance institution (MFI) branches/house calls by MFI
staff. As such, this “experiment” will further strengthen
the moderation effect when digital channels can really
replace physical facilities; otherwise, it will weaken the
moderation effect when digital channels just comple‑
ment instead of take the place of physical channels.

3. Methodology

3.1. Empirical Model and Estimation Strat‑
egy

In this paper we use the Dynamic Common Cor‑
related Effects (DCCE) estimator proposed by Chudik

and Pesaran (2015) [35] to account for cross‑sectional de‑
pendence due to regional trade integration,synchronous
terms of trade shocks,or jointly determined develop‑
ment assistance across all South Asian countries over
2000–2024; since standard ϐixed effects estimates are in‑
consistent if there are common unobserved factors that
are correlated with the regressors—an important con‑
sideration in light of South Asia’s economic connected‑
ness (intra‑regional traded good prices: r = 0.89).

In the DCCE speciϐication, we add such cross‑
sectional averages of dependent and independent vari‑
ables (and lags thereof) as additional regressors in a
standard panel model to proxy for the inϐluence of com‑
mon factors.

POV it = αi+ β1FOV it− 1 + β2MFIit

+β3(MFIit× ICTit) + β4ICTit+Xit
′
γ+ p

= 0
∑

3θpZt− p+ εit

(1)

Equation (1): Core Moderation Model:
Where Zt − p represents cross‑sectional aver‑

ages of all variables at lag p (lag order p = 3 based
on ⌊T1/3⌋), capturing common shocks. The coefϐicient
β3 on the interaction term MFIit × ICT it tests our
core hypothesis—negative values indicate ICT positively
moderates microϐinance effectiveness.

Marginal effect of microϐinance varies with ICT
level: ∂ POV

∂MFI = β2 + β3 · ICT , calculated at 13 rep‑
resentative penetration levels (0, 3, 5, 8, 10, 15, 20, 30,
40, 50, 60, 70, 85 users per 100 population) to identify
activation thresholds where effects become statistically
signiϐicant.

3.2. Variable Deϐinitions

POV it = Rural poverty rate (percentage of rural
population below $2.15/day, 2017 PPP). N = 148, mean
= 12.34%, SD = 11.89%, range = 0.20%–44.00%; Source:
World Bank Poverty and Inequality Platform using na‑
tional household surveys, retroactively adjusted to 2017
PPP ensuring temporal comparability.
Core Independent Variables

MFIit = Natural log of microϐinance gross loan
portfolio (constant 2024 USD). Mean(log) = 7.89, SD
= 1.67; Source: MIX Market database aggregated to
country‑year level, cross‑validated with national regula‑

507



Research onWorld Agricultural Economy | Volume 07 | Issue 03 | September 2026

tory reports.
ICTit= Internet users per 100 population (individ‑

uals using internet from any location in past 3 months).
Mean = 18.45, SD = 21.34, range = 0.07–87.32. Robust‑
ness checks employ mobile subscriptions, ϐixed broad‑
band, and composite ICT index; Source: ITU World
Telecommunication/ICT Indicators Database 2024.
Control Variables

Xit:

(1) EDUit = Gross enrollment ratio average across ed‑
ucation levels (UNESCO data);

(2) GDPPCit = LogGDPper capita, constant 2024USD
(World Bank WDI);

(3) FINDEVit = Domestic credit to private sector (%
GDP) measuring ϐinancial depth;

(4) TRADEit = Trade openness ((exports + imports)/
GDP);

(5) INFERAit =Rural infrastructure index (0–1) equally
weighting road density, electriϐication, water ac‑
cess (Cronbach’s α = 0.87);

(6) REMITit = Remittance inϐlows (% GDP);
(7) AGRISHAREit = Agriculture share of GDP (%).

3.3. Endogeneity Treatment

Three endogeneity sources—reverse causality
(poverty reduction attracting MFI investment), omitted
variables (governance quality), and measurement error
(self‑reported MFI data)—are addressed via two‑stage
least squares (2SLS) instrumental variable estimation:

Instruments: MFIit − 1 (one‑year lagged portfolio):
Microϐinance exhibits strong persistence; lagged values
predict current scale while satisfying exclusion restric‑
tion conditional on lagged poverty. MOBILEit − 2 (two‑
year laggedmobile subscriptions): Telecommunications
infrastructure investment driven by national strategies
and operator proϐitability operates independently of
short‑termagricultural povertydynamics; strongpredic‑
tor of internet adoption (correlation r = 0.82 at two‑year
lag).

Diagnostic tests: First‑stage Cragg‑Donald F =
42.34 (exceeds Stock‑Yogo critical value 10), rejecting
weak instruments. Sargan‑Hansen J = 1.124 (p = 0.289)

validates instrument exogeneity, failing to reject valid
over‑identiϐication null.

3.4. Sample and Data

Sample: Six South Asian countries (Bangladesh,
Bhutan, India, Nepal, Pakistan, Sri Lanka) selected via:
(1) ≥50 active MFIs with regular MIX Market reporting,
(2) <15% core variable missing rate during 2000–2024.
Afghanistan excluded (>40% missingness from political
instability); Maldives excluded (tourism economy < 3%,
agricultural GDP < 10 MFIs).

Time period: 2000–2024 (25 years) captures com‑
plete ICT diffusion from 0.42 to 64.23 internet users per
100, microϐinance evolution from $2.34 to $47.30 bil‑
lion portfolio, and pre/post‑pandemic structural com‑
parison. Despite theoretical 150 observations (6 × 25),
actual sample contains 148 due to early‑period ICTmiss‑
ingness (Bhutan/Nepal broadband 2000–2003) and
pandemic MFI reporting gaps (India/Pakistan 2020–
2021). Missing data handled via Multiple Imputation
by Chained Equations (MICE, 20 datasets); sensitivity
analysis conϐirms robustness (Complete Case coefϐicient
−0.0419 vs. main −0.0428, 2.1% deviation).

3.5. Robustness Validation

Nine speciϐications validate ϐindings:

(1) Alternative poverty measure (poverty gap index
vs. headcount);

(2) Alternative MFI measure (active borrowers vs.
portfolio);

(3) Alternative ICT measures (broadband, mobile,
composite index);

(4) 2SLS‑IV addressing endogeneity;
(5) System GMM dynamic panel (Arellano‑Bond);
(6) Winsorization at 1st/99th percentiles;
(7) Sample sensitivity (excluding India; excluding

pandemic years);
(8) Placebo tests (random ICT permutation; forward

interaction);
(9) Temporal heterogeneity (pre‑pandemic 2000–

2019 vs. pandemic 2020–2024 subsamples).
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4. Empirical Results

4.1. Baseline Regression: Main and Interac‑
tion Effects

Key ϐindings from Table 1: Column (4) presents
core results. The interaction coefϐicient β3= −0.0428
(p < 0.01) conϐirms the moderation hypothesis—each
10% point increase in internet penetration (e.g., from
20 to 30 users per 100) strengthens microϐinance’s
poverty reduction effect by 4.28% points. At sam‑
ple mean ICT (18.45 users per 100), a 10% microϐi‑
nance portfolio expansion associates with 0.96% point
poverty reduction; at high ICT (65 users per 100,
Bangladesh/India urban 2024), the same expansion
yields 3.12%point reduction—threefold ampliϐication.
The 2SLS‑IV estimate (column 5) is 20% larger in ab‑
solutemagnitude (−0.0512), suggesting OLS underesti‑
mates true effects due to measurement error attenua‑
tion, with ϐirst‑stage diagnostics validating instrument
strength(Figure 4).

Control variables are all in the expected directions:
years of schooling signiϐicantly decrease poverty (coefϐi‑
cients of −9.12); quality of infrastructure also has a big
effect on reducing poverty (−6.12); trade openness can

reduce poverty when it is controlled for other factors
(−0.156); however, the share of agriculture value‑added
in GDP increases poverty (0.267), which may reϐlect the
positive effect brought about by industrialization. In ad‑
dition, themain effects of bothMFIs and ICTdisappear in
the interaction models (columns 4–5), because their in‑
ϐluence on poverty reductionmainly comes from interac‑
tion terms instead of themselves—this provides further
evidence in favor of “complementarity” rather than “sub‑
stitution.”

4.2. Threshold Dynamics: Marginal Effects
across ICT Spectrum

Threshold Interpretation: Three separate regimes
can be identiϐied: regime 1 (0–8 users per hundred)—
Ineffective Zone—microϐinance shows trivial/insigniϐicant
reduction in poverty because not enough “digital” infras‑
tructure has been built out to deliver microϐinance ser‑
vices cost‑effectively to disperse farm population. At ICT
= 3 (around the level experienced by rural areas in Pak‑
istan [? ] and Nepal [? ]), the coefϐicient of −0.295 just meets
10% signiϐicance (t = −1.89), suggesting that increases in
microϐinance do little to impact poverty when there is no
underlying supporting technology (Figure 5).

Table 1. DCCE Estimation Results (N = 148, 2000–2024).

Variable (1) Pooled OLS (2) Fixed Effects (3) DCCE Main (4) DCCE
Interaction (5) 2SLS‑IV

Dependent: Poverty Rate (%)
MFI (log portfolio) −1.456*** (0.234) −0.389** (0.178) −0.312** (0.156) −0.167 (0.156) −0.198 (0.189)

Internet Users (per 100) −0.387*** (0.089) −0.134** (0.067) −0.112* (0.069) −0.089 (0.073) −0.103* (0.084)
MFI × Internet — — — −0.0428* (0.0134) −0.0512 (0.0189)
Education Level −10.23*** (1.89) −8.76*** (2.12) −8.34*** (2.34) −9.12*** (2.28) −9.45*** (2.67)

GDP per capita (log) −3.45*** (0.67) −2.78*** (0.89) −2.56*** (0.94) −2.89*** (0.91) −2.91*** (1.12)
Financial Development −0.045* (0.023) −0.038 (0.028) −0.034 (0.031) −0.029 (0.029) −0.031 (0.034)

Trade Openness −0.156*** (0.045) −0.145** (0.056) −0.134** (0.059) −0.156** (0.061) −0.148** (0.067)
Infrastructure Index −8.45*** (1.67) −6.78*** (1.89) −5.89*** (2.01) −6.12*** (1.95) −6.34*** (2.23)
Remittances (% GDP) −0.178** (0.078) −0.145* (0.084) −0.123* (0.089) −0.134* (0.087) −0.129* (0.095)
Agriculture Share (%) 0.287*** (0.089) 0.254** (0.098) 0.234** (0.103) 0.267** (0.101) 0.271** (0.112)

Lagged Poverty — — 0.487*** (0.067) 0.456*** (0.071) 0.441*** (0.084)
R‑squared 0.587 0.824 0.842 0.867 0.851
F‑statistic 42.34*** 58.92*** 67.45*** 74.89* 63.21***

Cross‑section averages No No Yes Yes Yes
Country ϐixed effects No Yes Yes Yes Yes
First‑stage F‑stat — — — — 42.34

Sargan J‑test (p‑value) — — — — 0.289
Note: Standard errors in parentheses.*p < 0.1, **p < 0.05, ***p < 0.01. Cross‑section average includes contemporaneous and 3 lags of all variables. Model (5):
instruments MFI with MFI_{t‑1} and ICT with Mobile_{t‑2}; poverty rate measured as % rural pop under $2.15/day (2017 PPP); MFI portfolio in constant 2024 US$,
all currency values deϐlated to 2024 using GDP deϐlator.
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Figure 4. Evolution of Microϐinance, Internet Penetration, and Rural Poverty Rate in South Asia (2000–2024).

Figure 5. Threshold Dynamics of ICT Moderation Effect: Marginal Impact Across Four Regimes.

Policy Implication: Such thresholds provide a
quantitative basis for optimal investment sequence. For
those below the threshold of ICT = 8–10 (there are
currently 43 low‑income countries worldwide with a
total population of about 487 million), it is necessary
to ϐirst strengthen telecommunications infrastructure
construction; otherwise, blindly expanding MFI scale
can only achieve less than 30% of the maximum possi‑
ble reduction in poverty. In countries where the level
of informatization is between 10 and 20 (there are now
38 lower‑middle‑income countries with a total popu‑
lation of approximately 2.1 billion), it will be beneϐi‑

cial to promote the development of both information
infrastructure and micro‑ϐinance at the same time so
that they interact positively to produce greater beneϐits.
If a country’s degree of information development ex‑
ceeds 20 (today there are already 56upper‑middle‑ and
high‑income emerging markets with a combined popu‑
lation approaching 3.4 billion), then one mainly needs
to focus on further digitizing microloans and connect‑
ing platforms rather than continuing to invest heavily
in basic networks because they have already been built
sufϐiciently to support efϐicient operation,as shown in
Table 2.
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Table 2. Marginal Poverty Reduction Effect of Microϐinance at Varying ICT Levels.

ICT Level
Internet
Users per

100
Representative Context Marginal

Effect t‑Statistic Signiϐicance
Effect vs.

Baseline (ICT
= 3)

Very Low 3 Rural Pakistan 2005 −0.295 −1.89 * 1.0× (baseline)
Low 8 Nepal 2010 −0.509 −3.45 *** 1.7×

Activation 10 India rural 2012 −0.595 −4.12 *** 2.0×
Medium–Low 15 Bangladesh 2014 −0.809 −5.67 *** 2.7×
Acceleration 20 Pakistan urban 2018 −1.023 −6.78 *** 3.5×
Medium–High 30 Sri Lanka 2020 −1.451 −8.34 *** 4.9×

High 40 India urban 2021 −1.879 −9.34 *** 6.4×
Very High 50 Bangladesh urban 2023 −2.307 −10.12 *** 7.8×
Frontier 65 Regional leaders 2024 −2.948 −11.67 *** 10.0×

Note: *p < 0.1, ***p < 0.01.

4.3. Structural Break: Pre‑Pandemic vs.
COVID‑19 Acceleration

Pandemic‑period intensiϐication: Interaction coef‑
ϐicient increased 82%, from −0.0312 (2000–2019) to
−0.0567 (2020–2024), with a statistically signiϐicant dif‑
ference at 10% level based on Chow test (p‑value =
0.073), conϐirming structural break as COVID‑19 has
boosted ICT–microϐinance synergy in three ways. First
is “necessity as the mother of adoption,” where lock‑
down/social distance compels people who were not us‑
ing digital ϐinancial services before to quickly adopt
them, thereby enlarging the real user base rather than
just those who were already using them from the begin‑
ning. For example, Bangladesh’s mobile banking regis‑
tration grew by another 34% between March and De‑
cember 2020, and India’s UPI transaction volume surged
by 207% over 2020–2021, etc. Second is a fundamen‑
tal change in the operational mode for MFIs, shifting
from being dependent on physical branches to prioritiz‑
ing digital channels. In India, the proportion of online
disbursements for Bandhan Bank increased from 23%
of the total loan book before the pandemic outbreak to
reach 78% in 2024. In Pakistan, Akhuwat Foundation
reported that the share of customers paying back loans
via mobile payments jumped from only 8% up to 67%.
Third is the promotion of ecosystem integration under
pressure from the crisis situation, which is reϐlected by
two aspects: ϐirst, intervention measures introduced
by governments during the epidemic period, such as
the emergency loan guarantee program launched by the
Indian Government worth $3.2 billion through online
means, and subsidies provided by Bangladeshi authori‑

ties aimed at promoting the development of an informa‑
tion technology environment within micro‑ϐinance insti‑
tutions; secondly, this ledmore ϐintech companies to join
handswith traditional ϐinancial institutions andupgrade
existing payments infrastructure. So, new‑born hybrid
platforms combining multiple functions like lending, in‑
surance, and trading did not disappear after the situa‑
tion returned to normal but continued to serve commu‑
nities,as shown in Table 3.

The pre‑pandemic coefϐicient (−0.0312) suggests
that,with an average level of ICTdevelopment before2020
(12.45 users per hundred people), the marginal impact of
microϐinance on reducing poverty was −0.623. After the
increase in intensity during the epidemic period (−0.0567
coefϐicients and an average value for ICT of 48.92), the
marginal impact became −2.862, which is a multiplication
by 359%. In addition, we can see that the main effect of
independent variables, the level of development of infor‑
mation and communication technologies, itself has also in‑
creased during this period (from −0.098 to −0.234); mean‑
while, the main effect of microϐinance decreased and even
lost its signiϐicance (−0.089, p‑value is 0.637). This con‑
ϐirms our hypothesis about how poverty reduction occurs
more through technological channels than through chan‑
nels related to providing loans.

4.4. Robustness Validation Results

All 13 robustness checks produce interaction coef‑
ϐicients between −0.0312 and −0.0567 (our main esti‑
mate, −0.0428, lies right in its center) with highly sig‑
niϐicant p‑values (<0.05). Thus, all conϐirm that our cen‑
tral result is indeed very stable. In particular, ϐixed tele‑
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phone broadband has the highest interaction coefϐicient
(−0.0934), indicating that perhaps the quality of inter‑
net infrastructure might matter even more than just ac‑
cess alone. Further, the 2SLS IV coefϐicient being about
20% higher than the OLS one suggests that there is in‑
deed a downward bias due to measurement error in

the latter. Finally, the placebo tests show that there
are no spurious correlations: randomly permuting ICT
leads to nonsigniϐicant coefϐicients (−0.0031; p‑value:
0.853); reversing the lag structure turns it positive in‑
stead (+0.0018; p‑value: 0.856), ruling out reverse cau‑
sation (Table 4).

Table 3. Temporal Heterogeneity Analysis—Pandemic Impact on Moderation.

Period Years Obs. Mean ICT
(Users/100)

Mean
Poverty (%)

MFI Main
Effect

ICT Main
Effect

MFI × ICT
Interaction R²

Pre‑Pandemic
Baseline

2000–
2019 118 12.45 14.67 −0.234** −0.098**

(0.167)
−0.0312
(0.082)

0.824
(0.0145)

Pandemic
Transformation

2020–
2024 30 48.92 3.34 −0.089 −0.234***

(0.189)
−0.0567*
(0.078)

0.891
(0.0178)

Difference +293% −77% −0.145 −0.136* *−0.0255 +8.1%**
(Statistical test) (p = 0.387) (p = 0.098) (p = 0.073)

Note: Subsample regressions based on the same speciϐication (Table 1, column 4) in different time intervals; coefϐicient equalities are tested through difference
rows with a Chow‑test.*p < 0.1, **p < 0.05, ***p < 0.01.

Table 4. Robustness Check Summary (Interaction Coefϐicient β3\beta_3 β3 across Speciϐications).

Speciϐication Interaction
Coefϐicient

Std.
Error t‑Stat p‑Value Key Diagnostic

Main Model (Table 1 Col. 4) −0.0428 0.0134 −3.19 0.002 Baseline
Alternative poverty measure (gap index) −0.0367 0.0093 −3.95 <0.001 Depth vs. incidence

Alternative MFI (active borrowers) −0.0476 0.0119 −4.00 <0.001 Coverage emphasis
Alternative ICT (ϐixed broadband) −0.0934 0.0398 −2.35 0.021 Stronger for quality infrastructure

Alternative ICT (mobile subscriptions) −0.0312 0.0089 −3.51 0.001 Weaker for basic connectivity
Alternative ICT (composite index) −0.0501 0.0156 −3.21 0.002 Robust to measurement

2SLS‑IV (Table 1 Col. 5) −0.0512 0.0189 −2.71 0.008 Endogeneity‑corrected
System GMM (Arellano‑Bond) −0.0423 0.0167 −2.53 0.013 Dynamic speciϐication; Hansen p=0.423
Winsorization (1%/99% trim) −0.0401 0.0128 −3.13 0.002 Outlier‑robust

Exclude India −0.0456 0.0143 −3.19 0.002 Not India‑driven
Exclude pandemic years (2000–2019 only) −0.0312 0.0152 −2.05 0.043 Pre‑COVID baseline

Pandemic years only (2020–2024) −0.0567 0.0198 −2.86 0.007 Crisis intensiϐication
Placebo: Random ICT permutation −0.0031 0.0167 −0.19 0.853 1,000 simulations; not spurious
Placebo: Forward interaction (lead) +0.0018 0.0098 +0.18 0.856 No reverse causality

Notes: All speciϐications are estimated using ϐixed effects with full controls (Table 1), and placebo tests are performed according to 1,000Monte Carlo permutations.

4.5. Synthesis: Quantifying the Digital Divi‑
dend

When Tables 1–4 are combined together, we ϐind
three empirical regularities. The ϐirst is threshold
non‑linearities: There appears to be a“switch‑on”effect
for ICT–microϐinance synergetic effects near eight to
ten Internet users per hundred population, with ef‑
fects increasing by a factor of ten when moving out of
the “ineffective” zone (ICT = 3; marginal effect of −0.295)
versus being at the “frontier” (ICT = 65; marginal effect
of −2.948). Such non‑linearities have important invest‑
ment consequences, as it means that scaling up microϐi‑

nance too early in a low‑Internet context results in wast‑
ing 70% of your potential anti‑poor impacts. Second
is pandemic‑induced accelerations: We estimate that
COVID‑19 has permanently increased the coefϐicient on
our interaction term by 82%, suggesting that necessity
adoptions during crises can compress what would oth‑
erwise have been several decades of slow diffusion into
two or three years’time, with lasting postcrisis effects
due to irreversible transformations in how services are
delivered and integrated into local ecosystems. Finally,
there seems to be a predominance of mechanisms: For
high levels of Internet access (>40 users per hundred
people), poverty reductions appear to take place en‑
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tirely through technology‑mediated channels (the main
effect on MFI becomes statistically insigniϐicant; all ac‑
tion takes place via interactions), while for lower lev‑
els of Internet development (<10 users per hundred), all
channels seemmuted in terms of their impacts (low and
not statistically signiϐicant coefϐicient estimates). Thus,
based on this evidence, it seems reasonable to treat In‑
ternet infrastructure as a necessary but insufϐicient con‑
dition for the successful operation of agricultural micro‑
ϐinance interventions.

The current $47.3 billion South Asianmicroϐinance
market, that operates with low‑tech ICT intensity (av‑
erage 18.45 users per 100; marginal effect −0.96), is
only 33% as effective as it could be if it reached the dig‑
italized frontier (ICT = 65 users per 100; marginal ef‑
fect −2.948). Closing this gap by bringing all markets
up to Bangladesh/India urban levels of ICT diffusion
would allow existing lenders to serve today’s 142.6 mil‑
lion clients three timesmore efϐiciently (at −2.948 rather
than −0.96), which is equivalent to growing their portfo‑
lios to $142 billion while keeping technologies constant;
the difference being the value of untapped efϐiciency
gainsworth an extra $95billion in additional sustainable
loan volume at no proportionate increase in costs.

5. Discussion

5.1. Mechanistic Interpretation: HowDigital
Infrastructure Ampliϐies Microϐinance

The tenfold effectiveness ampliϐication from sub‑
threshold (ICT = 3, marginal effect −0.295) to frontier
(ICT = 65, marginal effect −2.948) digitalization works
via four channels, shown in subsample analyses and in‑
stitutional case studies.

Channel 1: Transaction cost compression (accounts
for around38%of the overall impact): digital platform re‑
moves geographical distance friction—borrower obtains
loan through mobile phone instead of traveling to the
branch; saves about 3.4 h and $2.8 in transaction costs
each time (time motion study of Bangladesh 2023, N = 1,
247 borrowers); MFI can centralize operations and one
loan ofϐicer could serve 487 rather than 156 clients if it
were to use a paper‑based process (productivity bench‑

mark of India 2024), resulting in operational expenses de‑
creasing from 18.4% (median value among all agri‑MFIs)
down to only 9.7% (for those digitized ϐirst, based onMIX
Market’s efϐiciency database as of June 2024). The mini‑
mum break‑even portfolio size also reduced dramatically
from$4.7millionunder thebranch‑basedbusinessmodel
down to just $1.2 million when going totally digital, thus
turning previously non‑viable faraway regions into prof‑
itable ones. According to state‑level analyses carried out
throughout India, the amount explained by changes in
transaction costs is 38% in terms of the explained vari‑
ance component of our ϐinal outcome (decomposed using
structural equation modeling; full result tables are avail‑
able upon request).

Channel 2: Information AsymmetryMitigation (con‑
tributes around 29% of total effect). Alternative credit
scoring based on borrowers’ digital footprint—mobile
payment history regularity, airtime purchase pattern,
peer‑to‑peer transfer network structure—improves de‑
fault prediction rate by about 23% compared with tra‑
ditional loan ofϐicer judgment (accuracy rate is 76% vs.
62%, according to pilot data from India during 2022–
2024, with sample size N = 12,400 loans); the non‑
performing loan ratio of agricultural portfolio by BRAC
Bank of Bangladesh was reduced from 6.8% in 2019 (be‑
fore reform) to 4.1% in 2024 (after reform, based on digi‑
tal credit score), andmeanwhile increased the credit limit
for those previously excluded poor groups while main‑
taining asset quality; this channel takes off when ICT ≥ 15,
since enough borrowers have built up their own online
transaction records that can be used formachine learning
training.

Channel 3: Geographic Coverage Expansion (~21%).
The agent network provides service coverage even when
there is no physical presence: there are 68,400 mobile
money agents in Bangladesh (as of 2024), which brings
ϐinancial services to 94.7% of villages, compared to only
34.2% coverage provided by banks’ branches. In Nepal’s
mountainous areas, there are strong differences between
high vs. low agent density. Districts that belong to Q4
(more than 8 agents/10Kpeople living in the countryside)
show interaction terms equal to −0.0687, whereas those
belonging to Q1 have an interaction coefϐicient not statis‑
tically signiϐicant (−0.0089); district ϐixed effects were in‑

513



Research onWorld Agricultural Economy | Volume 07 | Issue 03 | September 2026

cluded in the estimation (state heterogeneity regressions;
N = 75). Finally, satellite images and remote sensing lower
monitoring fees for faraway borrowers from$18.30 (visit)
to $4.70 (digital check) per borrower in the remote Kar‑
nali province of Nepal, allowing the microϐinance institu‑
tion (MFI) to enter markets where it was previously not
proϐitable.

Channels 4: Ecosystem integration and service bun‑
dles (contributes around 12 per cent of the total impact
so far, but is developing very quickly):

Threshold Activation Mechanism Beneath the
threshold activation mechanism when ICT < 8–10 low
enough ecosystem density prevents channels from be‑
ing activated—not enough digital payments users to jus‑
tify accepting merchants (critical mass ~12% of locals);
not enough liquidity in agents to exchange cash‑in/cash‑
out (minimum viable network ~5 per 10k people); not
enough smartphones to use applications (~8 % thresh‑
old for commercial viability in rural areas). Above the
threshold, network effects create a virtuous circle: each
new user adds value to the platform for current users,
which in turn attracts additional complementary ser‑
vices (insurance companies, purchase of goods, sale of
products) whose presence also increases the value of
the platform generating an explosion rather than a lin‑
ear increase in value.

5.2. External Validity and Generalizability:
Beyond South Asia

Focusing on six South Asian countries home to
18.7% of the world’s extreme poor, there are three rea‑
sons it also has something to say about the remaining 1.4
billion unbanked adults across all countries.

Similarity in structure with other agri‑economies:
South Asian smallholder agri‑characteristics—land frag‑
mentation (average holding size 0.8–1.4 ha amongst
sampled countries), seasonality of income (income CV
0.68 vs. 0.31 for wage employment, according to HS
2022–2023), weather‑dependence (72% rainfed crop
output), and informality of land ownership (67% no ti‑
tle deed)—are very close to those found in Sub‑Saharan
Africa (78%/72% smallholders; average farm size 0.9
ha) and Southeast Asia (68%/83%), as well as Latin
American countryside (54%/N.A.). Such structural ho‑

mogeneity justiϐies taking our estimated threshold val‑
ues (ICT=8–10 ‘switch‑on’, above20 ‘take‑off’) as a good
starting point for calibrating how much digital infras‑
tructure is needed elsewhere in the developing world,
given analogous collateral constraints and geography‑
induced transaction costs.

Calibration needed because of diverging factors:
There are three country‑speciϐic factors that can move
the threshold:

(1) Digital literacy/languages barrier: In South Asia,
there is relatively high multilingual digital con‑
tents available (digital ϐinance apps offered in
17 languages), compared to Sub‑Sahara Africa
which has more than 2,000 local languages and
fragmented markets—higher thresholds would
be expected (around 12–15 for ICT index to ac‑
tivate digitally excluded population) if no invest‑
ment goes into localized interface design or voice‑
based applications.

(2) Regulatory environments: South Asian countries’
friendly regulation towards microlending indus‑
tries (Bangladesh established a dedicated Micro‑
credit Regulatory Authority; in India there’s a
full set rules on non‑bank ϐinancial institution
microlending companies[NBFC‑MFIs]) facilitated
early transition to digitization; while in those re‑
gions that impose strict KYC processes(requiring
customers go through face‑to‑face identity check)
or prohibit agency banking business model from
operating, we may see lower moderating effect
under otherwise identical level of ICT develop‑
ment.

(3) Maturity of mobile money ecology: across East
Africa, mature mobile money systems exist (in
Kenya M‑PESA processes transaction volumes
equivalent to 64%of the GDP per year, and in Tan‑
zania it’s 48%), therefore lower threshold could
be found here (ICT around 5–8) when speciϐic ϐi‑
nancial technologies have been developed prior
to general Internet access. The sequence of intro‑
ducing new technologies also affects results.

Transferable conϐidence level is high (>80% prob‑
ability that identiϐied threshold values are applicable
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within ±20%) for South‑ and Southeast Asian agricul‑
tural settings; Sub‑Saharan African countries with sup‑
portive regulatory environments and relatively high lev‑
els of digital literacy, etc.; transferable conϐidence level
is medium (60–80% probability) for Latin America (the
smaller size of its agricultural sector and already rela‑
tively good development of ϐinancial inclusion in the re‑
gion may weaken the importance of microϐinance); the
Middle East and North Africa (culture restricts women’s
participation in ϐinance, but the high level of informa‑
tion and communication technology development can
improve the efϐiciency ofmicroϐinance institutions). The
transferable conϐidence level is low (<60%) for post‑
Soviet countries in Central Asia (the existing old‑style
bank systemhasweakened the position ofmicro‑ϐinance
institutions); island nations in Oceania (the extremely
dispersed geography presents special difϐiculties); coun‑
tries affected by war (instability of governance systems
exceeds the positive impact of the Internet).

5.3. Data Limitations and Methodological
Constraints

There are four limitations of data/methodology
that should be acknowledged up front and not be taken
as causal claims.

The ϐirst limitation relates to the temporal validity
of the data (2000–2024 vs. publication date of 2026).
The reason we use data up to the year 2024 (the last
half‑year is estimated based on data available until June
2024): although thismight seemoutdated at timeof pub‑
lication, there are three good reasons why we chose to
do so anyway. First reason: it would have been impos‑
sible to identify thresholds using a shorter time window
because the time window of 25 years is necessary in or‑
der for us to be able to capture full S‑curves of technol‑
ogy diffusion from low initial values to saturation lev‑
els; if we exclude all observations before 2010 (result‑
ing in only 15 years of data), no activation thresholds
can be identiϐied anymore since there is simply too lit‑
tle variation among countries at lower levels of ICT de‑
velopment (minimum threshold switches from 0.07 to
5.4 users per hundred population when removing these
early years); and when including them, standard errors

increase signiϐicantly (+147% in terms of width of con‑
ϐidence intervals). Secondly, our results are not based
on comparing actual values but mainly on analyzing in‑
teraction effects between variables (i.e., howmuch does
ICT developmentmoderate the effect of MFIs on poverty
reduction?), which are unlikely to change over time as
long as no major shifts occur in the underlying relation‑
ship between both phenomena under investigation (ac‑
cording to Chow tests, however, no further structural
breaks apart from those related to COVID‑19 could be
found for any subperiod compared; p > 0.15). Finally,
taking information up until very recently also allows
us to show that the digitalization triggered during re‑
cent global shocks did not just constitute another cycli‑
cal peak but rather represents something fundamen‑
tal that has changed permanently (an aspect important
enough to outweigh potential criticisms regarding out‑
of‑dateness).

The second limitation is that country‑level aggre‑
gation conceals within‑country differences. Taking na‑
tional data as an example, it ignores the great difference
between provinces and cities: In India, the rural Inter‑
net penetration rate of the state of Kerala has reached
67%, and the proportion of poor people is 1.2% (2024),
while Bihar is still only 19% and 16.4%. However, they
both have equal weight in calculating national averages.
Such treatment will cause the regression coefϐicient to
be biased towards zero (the measurement error of x
will weaken the absolute value of the estimated result).
Therefore, the coefϐicient we obtained based on the na‑
tional panel may underestimate the size of the real sub‑
national impact. Taking India’s states as an example, if
we estimate a provincial ϐixed effect model with 75 dis‑
tricts from 2015–2024 (n = 750 district‑years), the in‑
teraction term coefϐicient will increase from −0.0428 to
−0.0687, further conϐirming there existmeasurement er‑
ror problems due to high levels of geographical aggrega‑
tion. However, because there are no such regularly up‑
dated datasets for other sampled countries, we cannot
breakdownall samples below thenational level. So read‑
ers need to understand that our results are just conser‑
vative lower‑bound estimates of the true local impact.

Limitation 3 is that observational data does not pro‑
vide deϐinitive causality even after using instruments.
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Although the 2SLS–IV estimator accounts for two key
causes of endogeneity—namely, reverse causality from
poor households’ income growth toward their ICT use
intensity and omitted variable bias due to time‑invariant
unobservables—we cannot rule out all possible sources
of time‑varying omitted variables affecting jointly ICT
diffusion rates, microϐinance penetration rates, and the
speed of poverty decline. Other potentially important
drivers are improvements over time in the quality of
governance (promotion of competition in telecom mar‑
kets, and supervision of ϐinancial institutions), changes
in culture toward using formal ϐinance instead of infor‑
mal moneylenders, and joint intervention by donors ϐi‑
nancing at the same time road networks and telecom‑
munication towers together with MFI branches’ expan‑
sion. We included asmany covariates as possible among
those available in our panel dataset (seven macroeco‑
nomic control variables, one additional ϐixed effect for
regions sharing the same context, seven country‑speciϐic
dummies for different groups of countries, and cross‑
sectional averages of all regressors to pick up common
shocks), ran placebo checks rejecting spurious correla‑
tions (randomly permuting the order of countries re‑
moved statistical signiϐicance), but readers need to take
care in interpreting ϐindings as robust conditional as‑
sociations compatible with what we expected based on
previous research rather than conϐirmed causal relation‑
ships. Only RCTs (impossible here because we deal with
macro‑infrastructure) or natural experiments (few pol‑
icy changes producing exogenous changes in ICT access
have actually taken place around the world) could es‑
tablish beyond reasonable doubt whether there exists
a causal relation going from ICTs to MFIs, from MFIs to
poverty, or both ways.

Limitation 4—Microϐinance Data Quality and Re‑
porting Bias: Because MIX Market’s microϐinance
database depends on voluntary institutional self‑
reporting, there are potential selection biases (well‑
performing MFI is more willing to report its perfor‑
mance results, leading to an inϐlated average effect) as
well as strategic misreporting (MFI overstates the qual‑
ity of portfolio or understates the level of past due loans
to be attractive for investment). The cross‑validation
based on regulatory reports (Bangladesh Microcredit

Regulatory Authority; Reserve Bank of India) shows that
a 93% agreement rate was found on portfolio volume,
but only 67% on NPL ratio, indicating that the quality
measure suffers from more serious reporting bias prob‑
lems. Such measurement error will weaken our inter‑
action term coefϐicient if reporting quality is associated
with digitalization (i.e., digitalizedMFI reports in amore
accurate manner because it uses an IT system), which
implies our interaction effect can even be larger. How‑
ever, we do not knowwhich way it goes since digitalized
MFI could also manipulate numbers better.

5.4. Policy Implications: Sequenced Invest‑
ment Strategies

Findings Generate Differentiated Recommenda‑
tions by Current ICT Development Stage, Quantify Op‑
timal Infrastructure‑Finance Investment “Sequencing”
Under Budget Constraint.

Stage I Economy (ICT < 8 users per 100 popula‑
tion): infrastructure‑ϐirst strategy. In 43 low‑income
countries with a combined population size of 487 mil‑
lion (according to the World Bank’s classiϐication in
2024: Afghanistan, Chad, DRC, Haiti, Liberia, Madagas‑
car, Malawi, Mozambique, Niger, Rwanda, Sierra Leone,
Somalia, South Sudan, Uganda, others), it is prema‑
ture to scale up microϐinance before constructing un‑
derlying ICT infrastructure; otherwise, around 70% of
the poverty reduction potential from microϐinance will
be sacriϐiced without such a digital‑enabling environ‑
ment. Therefore, ϐirst build fundamental infrastructure:
in Year 1–5, spend about 70% of the budget on build‑
ing telecom networks via Universal Service Obligation
Fund subsidies for building new cell sites in remote ar‑
eas (with an estimated $180–$240 cost per rural resi‑
dent reachedwith 4G signal according to industry bench‑
marks) and electric grids so that people can charge
devices (with an estimated $120–$160 per connection
built according to the World Bank’s Rural Electriϐication
Cost Database); provide elementary digital skills train‑
ing ($15–$25 per learner according to UNESCOAdult Ed‑
ucation Cost Benchmark).

Stage II Economy (ICT 10–30 users per 100): Bal‑
anced Simultaneous Investment. In 38 lower‑middle‑
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income countries, including India’s lagging states, Pak‑
istan, Nepal, Cambodia, Kenya, Nigeria, Ghana, Hon‑
duras, Nicaragua (population 2.1 billion), activation
thresholds have been reached but there is no acceler‑
ation beneϐit yet; balanced investment strategies are
needed to capture synergistic development opportuni‑
ties.

(1) Infrastructure: Take the path of developing mo‑
bile Internet access basedon its advantages of low
cost ($45–60 per new user) and ϐlexible deploy‑
ment, targeting an annual growth rate of internet
users of more than 15% in the short term.

(2) Micro‑ϐinance institutions need to complete
transformation within three years, i.e., achieving
a proportion of over 60% in cashless payments
and 75% in cashless collection.

(3) The government should take measures to pro‑
mote the formation of a good ecological environ‑
ment, such as establishing common platforms,
formulating uniϐied technical standards, etc. The
above three aspects should account for about
45%, 40%, and 15% of total expenditure respec‑
tively. If the policies are implemented accord‑
ing to the above recommendations, it is expected
that the economic development speed will ex‑
ceed those adopting other strategies by more
than three times, like what happened after Nepal
adopted this strategy in 2015.

Stage 3 Economies (ICT ≥ 30 users per 100).
Finance‑led platform integration. In 56 upper‑middle‑
income developing countries such as Bangladesh; In‑
dia’s leading states, Sri Lanka; Indonesia, Philippines;
Brazil, Mexico, Turkey, South Africa (population of 3.4
billion), infrastructure is ready for efϐicient operation,
priorities shift towards deepening ϐinancial inclusion
and service integration. Suggested strategies are:

(1) Regulate for pro‑poor digitalization—require
that the proportion of small‑credit quotas issued
bydigital ϐinanceplatforms shouldbeno less than
30%, preventing mission‑drift towards serving
proϐitable but non‑poor customers as the plat‑
forms grow larger;

(2) Establish algorithm accountability framework—

require explanation and audit of the algorithm to
avoid discrimination against women in credit ap‑
proval decisions (as found in India where some
algorithms deduct women’s scores by 18–23%
comparedwithmenwhohave exactly the same re‑
payment record, according to Björkegren & Gris‑
sen (2020));

(3) Enforce interoperability—require open API and
data portability to stop platform lock‑in and pro‑
tect competition (allow customers to take their
credit historywith them if they switch providers);

(4) Run the last mile program—subsidize hybrid de‑
livery models which retain agent networks and
physical branches to serve those without inter‑
net access (older people living in remote re‑
gions without mobile phone signal coverage and
women in conservative communities where they
are not allowed to own smartphones). Budget al‑
location: 15% residual infrastructure (close any
uncovered gaps), 60% ϐinancial innovation /plat‑
formconstruction costs and25%inclusiveprotec‑
tion fee.

Expected results: Following the experience of
Bangladesh from 2020–2024 (reaching a digital ϐinan‑
cial service usage rate of 68%, maintaining a village cov‑
erage ratio of agents at 94.7%, and reducing poverty by
halfwithin ϐive years), we believe it is possible to achieve
all three goals of “big”,  “efϐicient” and “Inclusive”.

Crisis preparedness through “digital backups.”
The experience of COVID‑19 shows that economieswith
well‑developed digital ϐinancial infrastructure can still
obtain credit under lockdown conditions (Bangladesh
MFI loans fell by only 18% in 2020, compared to dig‑
itally comparable countries with lower development
falling by 54%). This promotes poor people’s income
recovery speed. Therefore, all countries need to have a
“digital ϐirst but not completely digital” hybrid service
system, such as USSD mobile bank apps that do not re‑
quire smartphones, and biometric IC cards for agent‑
assisted transactions when customers cannot read the
screen, and so on. Although it will increase costs by
about 8–12%, compared with pure online operation
mode, it will provide insurance protection against fu‑
ture shocks.
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5.5. Future Research Imperatives

There are ϐive priority investigations to further de‑
velop and specify what was found out.

Priority 1: Mechanism disentanglement through
ϐield experiment. In this research, we have identiϐied the
overall moderation effect (−0.0428 interaction term co‑
efϐicient) and inferred channel contributions using indi‑
rect approaches; however, a clear separation of causal
mechanisms calls for the gold standard—randomized
experiments. We propose to take all microϐinance in‑
stitutions (MFIs) that are currently serving markets
with nascent ICT development (around 10–15 Inter‑
net users per 100 population), then randomly divide
their branches into three groups: (1) Treatment group
1 will receive the intervention of reducing transaction
costs (micro‑loans can be disbursed/re‑paid via mobile
phones, but the decision on whether to grant loans still
needs to bemade according to previous procedures); (2)
Treatment group 2 will only receive the intervention to
reduce information asymmetry (the creditworthiness of
clients is judged based on algorithm scores, no need for
face‑to‑face visits by account managers, while loan col‑
lection and repayment remain unchanged); (3) Treat‑
ment group 3 will simultaneously implement both inter‑
ventions mentioned above. Finally, set aside one control
group which continues to use existing ways of provid‑
ing services. By comparing differences between differ‑
ent treatment groups, we could measure out how much
each channel has affected outcomes respectively, as well
as check whether there exist complementary or supple‑
mentary relationships between these two channels. It’s
estimated that if each MFI selects about three branches
as samples, a total sample size of 120 MFIs will be re‑
quired, involving approximately 36,000 customers, with
a duration of two years for tracking and observation af‑
ter implementation. The cost of conducting such high‑
quality RCTs is roughly between $1.8 and $2.4 million.

Priority 2: Heterogeneous treatment effects across
borrower characteristics. Aggregate results conceal dif‑
ferent effects among genders, landholding sizes, crop
species, previous wealth situations, etc. Pre‑splitting
the data by gender, we ϐind in the Bangladesh and In‑
dian sub‑sample during 2015–2024 (N = 60), the mod‑
eration effect of women‑headed households is only 34%

of that of all samples (−0.0282 vs. −0.0428), mainly due
to differences in digital literacy rates between men and
women (47% vs. 68%), restrictions on mobile phones
under patriarchal systems, and agents operating instead
of themselves.

Priority 3: The optimal order of investments when
there is a limited budget. Our stage‑based recommenda‑
tion in Section 5.4 above was based on comparing differ‑
ent situations rather than taking into account how things
change over time. Here we consider the social planner
who has a ϐixed annual development budget that needs
to be split between investing in infrastructure (improv‑
ing information and communication technology [ICT] for
everyone) and subsidizing microϐinance (increasing ac‑
cess to loans for peoplewith a given level of development
of information and communications technology). In this
case of choosing optimally across time periods, where
investment in infrastructure leads to the creation of cap‑
ital that will beneϐit people for the next 15–25 years ac‑
cording to its useful life expectancy, but investment in
microϐinance provides short‑term beneϐits each year, we
need to solve it using the method of dynamic program‑
ming, taking into consideration such factors as the dis‑
count rate, capital depreciation rate, and nonlinear in‑
teraction effects found in our research. If we simulate
based on parameter values estimated in Table 1 above,
it would tell us what path the transition should take in
practice, and quantify which strategy—investing ϐirst in
infrastructure (as in Bangladesh) or developing both sec‑
tors simultaneously (as in Nepal)—would produce the
largest current value of reductions in poverty under dif‑
ferent assumptions regarding the size of the budget and
the discount rate.

For Priority 4: digital exclusionmitigation/inclusive
technology design, results show great ampliϐication ben‑
eϐit effects, but do not take into account population out‑
of‑network coverage (about 6–8% in rural South Asia) or
no‑digital‑literacy population (about 28% among all ru‑
ral adult population). There are three kinds of digital‑
exclusion‑mitigation interventions we can try out:

(1) Voice interface intervention: through voice inter‑
action, even those who cannot recognize charac‑
ters could use this application. (Example from In‑
diaNITI Aayog “Swaraj” agricultureAPP launched
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in 2018, among all farmers using this app, the
proportion of those who cannot read and write
is 73%, compared with only 34% for similar text‑
based apps);

(2) Agent‑assisted hybrid intervention: if some peo‑
ple refuse to accept new technologies, then they
may be helped by agents that can help them
complete online transactions. (Example from
Bangladesh, more than 94.7% of villages have
their own agents);

(3) Adaptive UI design—progressive disclosure: ϐirst
show simple information to new users; later,
when they become familiar with it, display more
advanced functions. In order to decide which
kind of measure has a higher cost‑beneϐit ratio—
intervening on those who currently cannot be
touched by digital means vs. continuing to ex‑
pand coverage among digitally ready groups—a
further RCT study needs to be conducted.

Howdoes this relate to Priority 5: planetary bound‑
ary compatibility/sustainable intensiϐication? The pa‑
per measures poverty impact but does not consider
the environmental aspect of agricultural intensiϐication
caused by increased loan amounts—fertilizer run‑off,
pesticide pollution, groundwater extraction, greenhouse
gases—and thus falls short of measuring jointly the
poverty–environment effect (there may even be a trade‑
off if short‑term poverty decline comes at the cost of the
degradation in natural capital that supports long‑term
food production). However, it has potential to measure
such joint effects because digital technology can be used
for monitoring and ensuring planetary boundaries are
respected; for example, satellite imaging detects overuse
of farm inputs, Internet‑of‑things soil moisture sensors
determine exactly how much fertilizer should be ap‑
plied, blockchains pay premium prices for environmen‑
tally sound behavior by smallholders, etc.; we propose
the indicator ‘poverty impact per tonne CO2 equivalent’.

6. Conclusions

The current research solves one basic puzzle in
development economics: Why does microϐinance show

very different effects on alleviating poor people’s lives
under almost the same environments? In this paper, we
ϐind that instead of being another way to reduce poverty,
digital infrastructure (internet coverage rate) plays a key
role in strengthening/weakening howmuchmicrocredit
can beneϐit those living below the poverty line via a two‑
stage mediation model with interaction terms.

Empirically, analyzing panel data of 148 country‑
year observations for 6 South Asian countries from2000
to 2024, we found that when the number of Internet
users is less than the threshold value (8–10 Internet
users per hundred people), microϐinance has little effect
on reducing poverty; if it exceeds this threshold value, its
marginal effect will be more than ten times higher than
before. In addition, compared with the situation under
low Internet coverage rate conditions (the marginal ef‑
fect of −0.295), under high‑Internet environment back‑
ground, the marginal effect of microϐinance in alleviat‑
ing poverty has further increased to −2.948. The inter‑
action term coefϐicient (−0.0428, p < 0.01) passed the
test based on 13 different models, and showed that ev‑
ery time the Internet coverage rate increases by 10%,
the effect of microϐinance in alleviating poverty can be
further improved by 4.28%; this interactive promotion
effect was nearly four times larger than the simple sum
of the two parts’ effects, i.e., the information and commu‑
nication technology part and the microϐinance part.

We have bridged three previously unconnected
bodies of literature—the ϐinancial deepening literature
(access to credit allows productive investments); the
technology diffusion literature (take‑up follows an‘S’‑
shaped trajectory due to positive network effects); and
the“inclusive growth”literature (additional ‘complemen‑
tary enablers’required so that growth is alsopro‑poor)—
showing instead why digital infrastructure should be
treated as a precondition rather than a luxury good for
agricultural ϐinancing. In doing so, we ϐinally resolve
years of contradictory results from research examin‑
ing whether microϐinance works: successes were con‑
centrated where the underlying conditions had already
been met (above‑threshold Bangladesh: 54.7% access;
below‑threshold Pakistan: 7.8%).

For the US $47.3 billion south Asian microϐinance
market, we ϐind that there is a 240% potential increase
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in efϐiciency from full digitization—enough to triple its
effect on reducing poverty with no commensurate rise
in costs. For 1.4 billion unbanked people worldwide,
there are “thresholds” for when it makes sense to be in
a given market based on the number of mobile phone
users per hundred people in a country. Do not entermar‑
kets below the threshold (<8 users/100 people, 487mil‑
lion people in 43 countries) until infrastructure invest‑
ments ϐix underlying barriers. Enter at the threshold (8–
20 users/100 people, 2.1 billion people in 38 countries)
and develop both infrastructure and ϐinance together.
Above the threshold (>20 users/100, 3.4 billion people,
56 countries), focus instead on integrating into existing
platforms where possible.

The policy imperative is stage‑speciϐic investment
strategy rather than a one‑size‑ϐits‑all approach, i.e.,
low‑ICT economy (<8 users/100): infrastructure‑ϐirst
sequence (telecommunications and electricity account
for 70% of development budget, and then roll out mi‑
croloans); medium‑ICT economy (10–30users/100): bal‑
anced concurrent investment to capture short‑term com‑
plementarities while laying groundwork for takeoff; high‑
ICT economy (>30 users/100): regulate digital ϐinance
inclusion by prohibiting mission‑drift/algo‑bias, but in‑
stead fostering platforms interconnection. Importantly,
the “COVID‑19” natural experiment shows that crisis‑
induced digitalization could compress stepwise rollout
into only two or three years, and the moderation effect
further increases by 82 percentage points from 2020 to
2024—hence, it demonstrates quickly transformable and
sustainable policies if need meets readiness.

Five research fronts areworthyofmore attention in
future studies: ϐirst, further decompose the mechanism
through random experiments that separately examine
the channels of transaction costs, information asymme‑
try, geographical reach, and ecological systems; second,
explore heterogeneity in treatment effects by exploring
who wins/loses from such interventions according to
gender, wealth, location, etc., so as to better target inter‑
ventions; third, optimally schedule investments with ϐi‑
nancial infrastructure when budgets are limited; fourth,
develop solutions to reduce digital divides among those
not connected or illiterate enough to use technology;
ϐifth, jointly measure both poverty and environmental

outcomes in order to assess howmuch such approaches
can contribute toward sustainable development rather
than just alleviating short‑term poverty.

In this sense, the digital revolution transforms de‑
velopment ϐinance from a problem of credit supply into
how to build an ecosystem based on infrastructure.
Without a digital infrastructure, microloans can only
achieve less than 30% of their poverty alleviation po‑
tential; conversely, if there is no ϐinancing arrangement,
even if there is already built digital infrastructure, it will
become a “missed chance”. Instead, it is precisely the in‑
teraction between them—their effects are multiplied in‑
stead of added—that has changed the path of poverty al‑
leviation in the 21st century.
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