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

Research onWorld Agricultural Economy

https://journals.nasspublishing.com/index.php/rwae

ARTICLE

FinTech and Farm Productivity: Credit Access, Digital Infrastructure,
and ReturnMigration in Rural China

Xiaoqiang He 1,2

1 School of Economics and Management, Southwest University, Chongqing 400715, China
2 Chongqing Institute of Microelectronics Industry Technology, University of Electronic Science and Technology of
China, Chongqing 401332, China

ABSTRACT
Improving farmproductivity is central to rural incomegrowthand food security in emerging economies,where

imperfect credit markets often constrain productive investment. This study examines whether regional develop‑
ment of digital ϐinancial inclusion (FinTech) is associated with improved rural credit access and higher farm pro‑
ductivity in China, and whether local conditions shape these relationships. With household‑level panel data on the
China Family Panel Studies (CFPS) of 2014–2020 pairedwith county‑ and city‑level measurements from the Peking
University Digital Financial Inclusion Index (PKU‑DFIIC), we estimate a two‑way ϐixed‑effects model controlling for
both household and year heterogeneity. We ϐind that households that are situated in a location where FinTech is
more developed have better credit outcomes, both in terms of credit participation and in terms of borrowing inten‑
sity. Rural credit access is positively associated with agricultural total factor productivity, and the estimated associ‑
ation between FinTech development and productivity is attenuated when credit access is included, consistent with
a partial mediation pattern. Further heterogeneity analyses show that these associations hold stronger for places
with better digital infrastructure as well as higher return‑migration intensity. The analysis does not claim to ϐind
a deϐinite causality, but the results are strong evidence in line with the view that digitized ϐinancial development
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can ease rural credit constraints and ϐinance productive investment, indicating that complementary infrastructure
is important and demographic conditions in translating ϐinancial inclusion into agricultural productivity gains.
Keywords: Digital Financial Inclusion; FinTech; Rural Credit Access; Farm Productivity; Total Factor Productivity;
Digital Infrastructure; Return Migration; China

1. Introduction
Raising farm productivity remains a central chal‑

lenge for food security, rural income growth, and struc‑
tural transformation across emerging economies. In
many such settings, agriculture is dominated by small‑
holders who operate under fragmented landholdings,
thin input and outputmarkets, and substantial exposure
to weather and price risk. China is a particularly infor‑
mative case within this broader landscape: an agricul‑
tural census reported that small‑scale farmers account
for over 98% of agricultural operating entities, with an
average plot of about 0.52 ha per household [1]. Such a
production structure makes productivity improvements
highly dependent on farmers’ ability to ϐinance work‑
ing capital (e.g., seeds, fertilizer, feed) and lumpy invest‑
ments (e.g., machinery services, irrigation equipment,
storage), while also managing risk over the production
cycle.

A large body of economic theory and evidence
suggests that rural credit markets are prone to mar‑
ket failures that can depress productive investment.
When lenders face imperfect information and limited
collateral, they may respond through credit rationing—
restricting loan quantities rather than clearing the mar‑
ket via interest rates—especially for borrowers whose
repayment is tied to risky agricultural outcomes [2]. In
rural economies, these frictions are ampliϐied by high
screening and monitoring costs, weak contract enforce‑
ment, and covariate shocks that affect many borrowers
simultaneously, all of which shape the organization and
evolution of rural ϐinancial intermediation [3]. The prac‑
tical implication is that even when proϐitable technolo‑
gies exist, farmers may underinvest in inputs or delay
adoption because they cannot smooth liquidity needs
through formal ϐinance.

Empirical and synthesis work in agricultural eco‑
nomics has long documented that “constraints such as

credit and information” are among the key factors in‑
ϐluencing the adoption and intensity of use of agricul‑
tural innovations in developing countries [4]. The mech‑
anism is straightforward: if farmers cannot ϐinance in‑
put bundles at the optimal time, they may choose lower‑
yielding technologies, apply fewer purchased inputs, or
avoid productivity‑enhancing but cash‑intensive prac‑
tices. These constraints can becomemacro‑relevant. Ev‑
idence summarized in a World Bank study suggests that
easing credit constraints is associated with sizable po‑
tential output gains in agriculture in some contexts, un‑
derscoring that ϐinance can be a quantitatively impor‑
tant correlate of productivity rather than a marginal
‘nice‑to‑have’ [5].

Against this backdrop, ϐinancial innovation—
especially the rise of digital ϐinancial services—has been
widely discussed as a potential factor associated with
changes in rural credit constraints. The basic promise
is economic, not technological: by lowering transaction
costs (e.g., remote account access and payments), im‑
proving information (e.g., digital footprints useful for
screening), and enabling new contractual forms (e.g.,
small‑ticket, high‑frequency repayment), digital ϐinance
may help narrow the wedge between the social returns
to agricultural investment and the private feasibility
of ϐinancing it. This promise is visible in landmark ex‑
periences from other emerging regions. For instance,
research on mobile money in Kenya highlights associa‑
tions between digital ϐinance, access to basic ϐinancial
services, and household coping strategies and occupa‑
tional choices, with measurable poverty impacts [6].

China adds a second layer of relevance because
ϐinancial inclusion and digital ϐinance have been ex‑
plicitly embedded in national policy and rural develop‑
ment agendas. A key policy milestone was the State
Council’s release of the Plan for Promoting the Develop‑
ment of Financial Inclusion (2016–2020), which framed
ϐinancial inclusion as a national strategy and empha‑
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sized extending inclusive services across urban and ru‑
ral areas [7]. In parallel, China’s digital ϐinance ecosys‑
tem expanded rapidly through nonbank payment plat‑
forms, platform‑based consumer and microcredit prod‑
ucts, and technology‑enabled lending by traditional in‑
stitutions. Importantly for empirical research, China of‑
fers an unusually granular measurement of digital ϐinan‑
cial inclusion. The Peking University Digital Financial
Inclusion Index of China (PKU‑DFIIC)—a collaboration
between Peking University’s Institute of Digital Finance
and Ant Financial Services Group—provides a system‑
atic index series for 2011–2018, enabling analysis of spa‑
tial heterogeneity in digital ϐinance development and its
potential links to rural economic outcomes [8].

Yet a central question remains: is the rapid ex‑
pansion of digital ϐinance associated with improved ru‑
ral credit access and higher farm productivity for farm
households, especially in settings where credit frictions
and information asymmetries remain salient?

This paper examines this hypothesized set of rela‑
tionships using Chinese household panel data matched
to regional FinTech development. Speciϐically, we ask (i)
whether greater FinTech development is associatedwith
improved rural credit access, (ii) whether credit access
is associated with farm productivity, and (iii) whether
the FinTech–productivity association is consistent with
a credit‑accessmediation channel and varieswith digital
infrastructure and return migration.

China provides a compelling empirical setting for
answering these questions while keeping the results in‑
formative for emerging economies more broadly. The
dominance of smallholders and the prevalence of land
fragmentation create a strong presumption that liquid‑
ity constraints matter for technology use and timing of
operations [1, 4]. At the same time, the availability of re‑
gionally disaggregated digital ϐinance measures such as
PKU‑DFIIC makes it possible to trace how differences in
digital ϐinancial development correlate with differences
in rural credit outcomes and farm performance [8]. The
national policy emphasis on inclusive ϐinance offers addi‑
tional plausibility that observed patterns are not purely
private‑sector phenomena but part of a broader institu‑
tional change in rural ϐinancial supply [7].

The contribution of this study is threefold. First,

we provide an agriculture‑focused conceptual frame‑
work that treats ϐinancial innovation as a change in
the technology of intermediation—altering information,
contracting, and transaction costs—and clariϐies condi‑
tions under which such changes may be associated with
reduced rationing and higher productive efϐiciency [2, 3].
Second, we bring China‑based micro–macro evidence
to bear on a question that is often discussed at the
level of “digital ϐinance is good for inclusion” but less of‑
ten tested for farm productivity speciϐically, using the
PKU‑DFIIC index to capture spatial variation in digital
ϐinancial development [8]. Third, we emphasize hetero‑
geneity and mechanisms, distinguishing between credit
that ϐinances productive input use and investment ver‑
sus credit that primarily smooths consumption, and ex‑
amining whether beneϐits concentrate among certain
farmer groups (e.g., smaller vs. larger farms, regions
with strongermarket access, or placeswithweaker tradi‑
tional banking penetration). By doing so, the paper aims
to speak both to China’s rural revitalization goals and
to the broader emerging‑economy debate on whether
FinTech‑enabled inclusion can deliver real‑sector pro‑
ductivity gains rather than only ϐinancial deepening.

2. Theoretical Framework and Hy‑
potheses
Agriculture has high up‑front input needs; it gen‑

erates seasonal cash ϐlow patterns; and its output faces
considerable exposure to bothweather and price risk. In
developing countries, that combine to create problems
of persistent credit constraints among farm households
because they are confronted by less developed rural ϐi‑
nancial markets: More recent summaries of the farm
ϐinancial services literature point out that information
asymmetry, lack of collateral, high transaction costs, and
spatial dispersion together contribute to the existence of
credit rationing in rural areas that limits farmers’ access
to invest efϐiciently in productive inputs [9].

China presents an especially useful case study of
the operation of those mechanisms. Although China’s
economy has been growing rapidly, agriculture contin‑
ues to be largely based on small‑scale farms, while ru‑
ral areas remain structurally constrained by ϐinancial

593



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

and factor markets. In the Rural Revitalization Strat‑
egy, improving the availability of rural ϐinance and pro‑
moting rural entrepreneurship are explicit policy prior‑
ities [10, 11]. Meanwhile, a great deal of massive internal
return migration has altered the pattern of rural labor
employment, withmoremiddle‑aged andyoungmigrant
populations backϐlowing into counties and villages to
participate in farm production or engage in correspond‑
ing entrepreneurship [12, 13]. The returning households
are likely to have a higher demand for capital, as well
as more eagerness to adopt new production techniques,
but still face local credit constraints. Against that back‑
ground, ϐinancial innovation could prove important to
changing the structure of rural creditmarkets and affect‑
ing farm production.

2.1. Financial Innovation and Rural Credit
Access

Financial innovation in this study refers to the ex‑
pansion of digital ϐinance and FinTech‑enabled ϐinancial
services that alter the functioning of rural creditmarkets.
Its potential relevance for rural credit access can be dis‑
cussed through several economic channels.

First, digital ϐinancial services may reduce informa‑
tion asymmetry between lenders and borrowers. The
use of digital payments and platform‑based transactions
generates veriϐiable behavioral data that can be incor‑
porated into credit assessment, lowering screening and
monitoring costs. Empirical evidence from China shows
that adoption of digital payments is found to be signif‑
icantly associated with improved access to both formal
and informal credit among rural households, partly by
enhancing borrowers’ credit knowledge and reducing
psychological barriers to interacting with ϐinancial insti‑
tutions [11].

Second, ϐinancial innovation can potentially relax
the geographic and infrastructure constraints on provid‑
ing ϐinancial services. Broadband infrastructure expan‑
sion is found to be strongly related to growth in digital
ϐinancial inclusion in rural China, mostly through expan‑
sion of coverage into previously underserved regions [10].
Yet, the same paper concludes that successful adoption
and usage of DFS is dependent upon other co‑factors like
human capital, social capital, and the presence of tradi‑

tional banks, which suggests that progress on improving
credit access will vary regionally.

Third, ϐinancial innovation may alleviate binding
liquidity constraints and facilitate productive invest‑
ment. Using nationally representative household data,
recent studies ϐind that digital inclusive ϐinance is signiϐi‑
cantly related tomore productive investments among ru‑
ral households, with a greater effect on the households
that had greater ϐinancial knowledge and better access
to information channels [13]. This is a channel that ap‑
plies to agriculture in particular, since it is important for
the efϐicient outcome of agricultural production to make
timely input use and investment decisions.

Taken together, these mechanisms suggest that
greater ϐinancial innovation may be associated with im‑
proved rural credit access, both by increasing the likeli‑
hood of obtaining credit and by reducing effective bor‑
rowing costs.

2.2. Credit Constraints, Input Allocation, and
Farm Productivity

To formalize this connection between credit access
and farm productivity, imagine a farm household that
chooses variable inputsM (say, to produce output using
inputs of land L (seeds, fertilizers, hired labor), and cap‑
ital or services K (machinery, equipment). The technol‑
ogy generates output:

𝑌𝑖𝑡 = 𝐴𝑖𝑡𝐾𝛼
𝑖𝑡𝑀𝛽

𝑖𝑡, 𝛼, 𝛽 ∈ (0, 1), 𝛼 + 𝛽 < 1 (1)

Where 𝐴𝑖𝑡 captures farm‑level efϐiciency and tech‑
nology.

Production requires upfront expenditures, while
revenues are realized only after harvest. Let 𝑀𝑖𝑡 denote
internal funds at the beginning of the production cycle,
and let 𝐵𝑖𝑡 represent borrowing. The household faces a
liquidity constraint:

𝑝𝐾𝐾𝑖𝑡 + 𝑝𝑀𝑀𝑖𝑡 ≤ 𝑊𝑖𝑡 + 𝐵𝑖𝑡 (2)

Borrowing is limited by credit market conditions,
which depend on the level of ϐinancial innovation 𝐹𝑟𝑡 in
region 𝑟 and other household and regional characteris‑
tics:

𝐵𝑖𝑡 ≤ 𝐵(𝐹𝑟𝑡, 𝑍𝑖𝑡, 𝑋𝑟𝑡),
𝜕𝐵
𝜕𝐹 > 0 (3)
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In addition, ϐinancial innovation may reduce the ef‑
fective cost of borrowing by lowering interest rates and
non‑price transaction costs.

𝑐𝑖𝑡 = 𝑐(𝐹𝑟𝑡, 𝑍𝑖𝑡, 𝑋𝑟𝑡),
𝜕𝑐
𝜕𝐹 < 0 (4)

When credit constraints are binding, higher levels
of 𝐹𝑟𝑡 are expected to be associated with less restric‑
tive borrowing limits and lower effective ϐinancing costs,
enabling higher and more timely use of productive in‑
puts. In this conceptual framework, such changes are ex‑
pected to be associated with higher output and produc‑
tivity rise through improved input allocation and greater
adoption of productivity‑enhancing practices. Consis‑
tent with this mechanism, recent empirical evidence
documents a positive association between digital inclu‑
sive ϐinance and agricultural total factor productivity in
China by alleviating ϐinancial exclusion and supporting
modernization of rural production [14].

2.3. TheRoleofReturnMigrationandRural
Transformation in China

One key China‑speciϐic characteristic that shapes
the linkages between ϐinancial development and agricul‑
tural performance is how rural ϐinancial transition inter‑
acts with demographic transition. In the context of over‑
all structural transformation, internal return migration
has increased dramatically in recent years, changing the
makeup of rural labor and entrepreneurship. The mi‑
cro evidence indicates that return migration increases
the probability of entrepreneurship among rural house‑
holds, where both the educational level of the individual
as well as the household’s indebtedness act as signiϐi‑
cant moderators [15]. Other research adds evidence, for
instance, that young immigrants have a higher tendency
to use innovative business practices or technology, but
they are dependent on access to ϐinance, as well as the
local institutional environment [16].

This has implications for the way in which ϐinan‑
cial innovation might relate to farm productivity. Re‑
turning farmers, as well as rural entrepreneurs, gener‑
ally have a greater need for working capital and invest‑
ment ϐinance, as well as an increased propensity for un‑
dertaking productivity‑enhancing activity.

In economic terms, digital infrastructure lowers

the ϐixed cost of accessing and using FinTech prod‑
ucts, increases the accuracy of digital credit scoring,
and reduces transaction costs. Return migration, on
the other hand, raises the local demand for capital
through its introduction of additional entrepreneurial
and investment‑oriented households to the countryside.
All these complementing supply‑ and demand‑side chan‑
nels give us a theoretical reason to expect that the
productivity relevance of FinTech development will be
larger where there are good digital infrastructures and
high return migration intensities.

Figure 1 shows the conceptual model where ϐinan‑
cial innovation is related to variations in the rural credit
markets, potentially by reducing information asymme‑
try and transaction costs. Better access to rural credit,
in turn, is related to productive investment and a more
efϐicient use of inputs, which could be linked to higher
agricultural productivity. Our model also indicates that
this effect is conditional on digital infrastructure and re‑
turn migration.

Figure 1. Conceptual framework linking ϐinancial innovation,
rural credit access, and farm productivity.

2.4. Hypotheses

Based on the conceptual framework illustrated in
Figure 1, this study proposes the following testable hy‑
potheses linking ϐinancial innovation, rural credit access,
and farm productivity. Within this framework, the fol‑
lowing hypotheses are proposed.

H1. Financial innovation relates to better rural credit ac‑
cess by farm households, which manifests as more avail‑
able formal credit and less friction on borrowings [10, 11].

H2. Better access to rural credit will be related to bet‑
ter farm productivity since reduced liquidity constraints
might allow farm households to optimally utilize inputs
and make productivity‑enhancing investments [13, 14].
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H3. Financial innovation is related to farm productivity
partly through its associationwith rural credit access, con‑
sistent with a mediation mechanism linking innovation,
credit, and productivity [11, 13].

H4. The relations hypothesized by H1–H3 differ region‑
ally. Speciϔically, the links between ϔinancial innovation,
rural access to credit, and farm productivity are stronger

for those living in places where the digital infrastruc‑
ture is better developed or in places that experience a
greater share of returnmigration and rural entrepreneur‑
ship [10, 15, 16].

For clarity, Table 1 summarizes the hypotheses
and their corresponding mechanisms and empirical
tests.

Table 1. Hypotheses, mechanisms, and empirical focus.
Hypothesis Core Mechanism Empirical Focus

H1. Financial innovation reduces rural credit frictions Credit access indicators
H2. Credit access relaxes input and investment constraints Farm productivity measures
H3. Credit access mediates the innovation–productivity link Mediation analysis
H4. Infrastructure and return migration condition effects Heterogeneity analysis

Financial innovation may be associated with re‑
duced information asymmetry and transaction costs in
rural credit markets, which in turn may correspond to
improved rural credit access. Improved access to credit
is associated with productive investment and more efϐi‑
cient input allocation. Digital infrastructure and return
migration condition both the supply of and demand for
rural ϐinancial services [17–19].

3. Data, Variables, and Identiϐica‑
tion

In this section, we describe the data sources, vari‑
able construction, and empirical strategy. We explain
how household survey information can be combined
with region‑level measures on ϐinancial innovation and
local conditions, how the key variables are operational‑
ized, and how the econometric design is designed to ad‑
dress some of the key empirical issues, such as unob‑
served heterogeneity and possible simultaneity.

3.1. Data Sources and Sample Construction

The empirical analysis is based on the China Fam‑
ily Panel Studies (CFPS), a nationally representative lon‑
gitudinal survey administered by the Institute of Social
Science Survey at Peking University. We use four bi‑
ennial waves—2014, 2016, 2018, and 2020—to con‑
struct a household–year panel of rural farm house‑
holds. These waves contain a dedicated household eco‑

nomic module with agriculture‑related questions that
record core production expenditures (e.g., spending on
seeds/fertilizers/pesticides, hired labor, irrigation, and
machinery rental/services), which are required for mea‑
suring input use and constructing productivity met‑
rics [20, 21]. The CFPS survey design also collects farm‑
production income/cost components that allow the con‑
struction of agriculture output and net‑return proxies at
the household level [22].

To measure ϐinancial innovation, we merge CFPS
households with the Peking University Digital Financial
Inclusion Index of China (PKU‑DFIIC), compiled by the
Institute of Digital Finance at Peking University in col‑
laboration with Ant Group. The publicly released re‑
port provides province‑ and city‑level indexes for 2011–
2020 and county‑level indexes for 2014–2020, including
the overall index and key sub‑indexes (coverage breadth,
usage depth, and digitization level) [23]. In the base‑
line matching, households are assigned the county‑level
PKU‑DFIIC when county identiϐiers are available; other‑
wise, we use the city‑level index to ensure consistent ge‑
ographic alignment across waves.

We restrict household observations to those from
rural households mainly involved in agricultural pro‑
duction during the survey year. We drop observations
that have missing information needed for constructing
our main outcome (farm productivity) and key media‑
tor (credit access). All monetary values are deϐlated at
constant prices by applying suitable price deϐlators and
the treatment of extremes of money variables (e.g., win‑
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sorization). The ϐinal data set is a non‑balanced panel
of rural farm households over several years, suitable for
panel estimators that include household and year ϐixed
effects.

3.2. Key Variables

This subsection deϐines the main variables used in
the empirical analysis. Variable construction follows the
conceptual framework in Figure 1 and operationalizes
thehypotheses bymapping regional ϐinancial innovation
to household credit access and farm productivity. Un‑
less otherwise stated, household‑level variables aremea‑
sured at the household–year level, while the ϐinancial in‑
novation indicators are deϐined at the region–year level.
3.2.1. Financial Innovation

Financial innovation is measured by the PKU‑DFIIC
composite index of digital ϐinancial inclusion, which cap‑
tures both the penetration and intensity of use of FinTech‑
enabled services, and is widely used in recent empiri‑
cal work on China’s digital ϐinance environment [17]. We
use the overall index as the baseline measure and, where
relevant, draw on sub‑indices (coverage breadth, usage
depth, and digitization) to characterize which dimension
of FinTech development matters most. To align with the
geographic identiϐiers in CFPS, the baseline measure is
matched at the county level for 2014–2020 where feasi‑
ble; if only higher‑level location identiϐiers are available,
we use the city‑level index from the same release to pre‑
serve consistency across waves [23]. In sensitivity analy‑
ses, we also use lagged FinTech measures to reduce con‑
temporaneous co‑movement concerns.
3.2.2. Rural Credit Access

Thekeymediator between ϐinancial innovation and
rural productivity is access to credit in rural areas. Im‑
portantly, credit borrowed by rural households may be
used for different purposes; part of it is used for produc‑
tive purposes (such as purchase of agricultural inputs or
use of machinery, etc), while the other part could serve
mostly as a consumption‑smoothing device. To capture
that difference, we also conduct a heterogeneity analy‑
sis of the effects in terms of different types of credits (if
data allows us to separate between productive and non‑

productive credit). We consider the credit availability on
an extensive margin as well as on an intensive one. First,
we create a dummywhich is one when the household re‑
ports having taken out some sort of loan in the produc‑
tion year, and zero otherwise. Second, we use the total
borrowed credit amount during the year as a proxy for
borrowing intensity and transform it by ln (1 + credit
amount) due to skewness. Third, whenever allowed by
the survey, we distinguish between formal borrowings
(from a regulated ϐinancial institution) and informal bor‑
rowings (from relatives) through institutional (banking
and microϐinance) versus informal (friends, other non‑
institutional) channels, which is highlighted in the rural
ϐinance literature since these two segments might react
differently when faced with variations in the digital ϐi‑
nance environment [18].
3.2.3. Farm Productivity

Our outcome variable of interest is farm produc‑
tivity. We use agricultural TFP as our baseline indica‑
tor, which we construct using household‑reported agri‑
cultural output/value and major inputs that are avail‑
able in the CFPS production‑relatedmodules (land/farm
size proxies, labor input proxies, and intermediate in‑
put spending on things like seeds/fertilizers/pesticides,
hired labor, irrigation, and machine services) [20–22].
This follows the standard approach in agricultural eco‑
nomics, where productivity seeks to capture efϐiciency
other than scale expansion [19]. As robustness checks, we
also look at alternative results, including, for instance,
land productivity (output per unit of cultivated land), in
order tomake sure the conclusions are not driven by one
speciϐic TFP construction.
3.2.4. Control Variables

Our baseline speciϐication includes household‑ and
region‑level controls that aim at mitigating confound‑
ing. Household controls usually consist of household
head characteristics (age, education), household size
and labor endowment, and proxies for farm scale. The
region‑level controls are to account for the local eco‑
nomic conditions and infrastructure, whichmight be cor‑
related with FinTech development and agricultural per‑
formance. In addition, digital‑infrastructure‑related and
demographic‑change‑related variables associated with
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the process of rural transformation (e.g., return migra‑
tion intensity) are entered into heterogeneity analyses
via interaction terms or subgroup estimations as per the
conceptual model shown in Figure 1.

3.3. Baseline Empirical Speciϐication

This subsection sets out the baseline reduced‑
form speciϐications used to quantify the relationships
among regional ϐinancial innovation, household credit
outcomes, and farm productivity. The empirical design
follows the logic of the conceptual framework in Fig‑
ure 1 and proceeds in three parts. We ϐirst estimate
whether households located in regions with more de‑
veloped FinTech environments exhibit better credit out‑
comes. We then examine whether credit access is asso‑
ciated with higher farm productivity. Finally, we esti‑
mate the overall association between FinTech develop‑
ment and productivity and assess whether credit access
accounts for part of this relationship by comparing spec‑
iϐications with and without the credit measure.

Financial Innovation and Rural Credit Access

Webegin by estimating the relationship between ϐi‑
nancial innovation and rural credit access using the fol‑
lowing speciϐication:

𝐶𝑟𝑒𝑑𝑖𝑡𝑖𝑟𝑡 = 𝛼0 + 𝛼1𝐹𝑖𝑛𝑇 𝑒𝑐ℎ𝑟𝑡 + 𝑿′
𝑖𝑟𝑡𝛼

+𝜇𝑖 + 𝜆𝑡 + 𝜀𝑖𝑟𝑡,
(5)

where 𝐶𝑟𝑒𝑑𝑖𝑡𝑖𝑟𝑡 denotes measures of rural credit access
for household i in region r and year t, including credit
participation and credit intensity. 𝐹𝑖𝑛𝑇 𝑒𝑐ℎ𝑟𝑡 captures
the level of ϐinancial innovation in region r at time t. 𝑿′

𝑖𝑟𝑡
is a vector of household‑ and region‑level control vari‑
ables deϐined in Subsection 3.2. μ𝑖 represents household
ϐixed effects, and λ𝑡 denotes year ϐixed effects. The error
term ε𝑖𝑟𝑡 captures idiosyncratic shocks. The coefϐicient
α1 provides a test of Hypothesis H1.

Rural Credit Access and Farm Productivity

Next, we examine the relationship between rural
credit access and farm productivity using the following
baseline speciϐication:

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑟𝑡 = 𝛽0 + 𝛽1𝐶𝑟𝑒𝑑𝑖𝑡𝑖𝑟𝑡 + 𝑋′
𝑖𝑟𝑡𝛽

+𝜇𝑖 + 𝜆𝑡 + 𝑢𝑖𝑟𝑡,
(6)

where 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑟𝑡 denotes farm productivity, mea‑
sured primarily by agricultural total factor productivity
(TFP). The coefϐicient 𝛽1 captures the association be‑
tween credit access and farm productivity and corre‑
sponds to Hypothesis H2.

Financial Innovation and Farm Productivity

To assess the overall relationship between ϐinancial
innovation and farm productivity, we estimate the fol‑
lowing reduced‑form speciϐication:

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑟𝑡 = 𝛾0 + 𝛾1𝐹𝑖𝑛𝑇 𝑒𝑐ℎ𝑟𝑡 + 𝑋′
𝑖𝑟𝑡𝛾

+𝜇𝑖 + 𝜆𝑡 + 𝜈𝑖𝑟𝑡,
(7)

where γ1 captures the total association between ϐinan‑
cial innovation and farm productivity, reϐlecting both di‑
rect and indirect channels.

Mediation through Rural Credit Access

Finally, to examine whether rural credit access me‑
diates the relationship between ϐinancial innovation and
farm productivity, we estimate:

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦𝑖𝑟𝑡 = 𝛿0 + 𝛿1𝐹𝑖𝑛𝑇 𝑒𝑐ℎ𝑟𝑡
+𝛿2𝐶𝑟𝑒𝑑𝑖𝑡𝑖𝑟𝑡 + 𝑋′

𝑖𝑟𝑡𝛿 + 𝜇𝑖 + 𝜆𝑡 + 𝜉𝑖𝑟𝑡.
(8)

Comparing the coefϐicients γ1 in Equation (7) and
δ1 in Equation (8), together with the signiϐicance of δ2,
provides evidence consistent with a mediating pattern
involving rural credit access, as proposed in Hypothesis
H3.

For each speciϐication, we cluster standard errors
at the county level to allow for both serial correlation
as well as spatially correlated shocks. We test heteroge‑
neous effects of digital infrastructure and return migra‑
tion (Hypothesis H4) by adding interactions to our base
models and performing subgroup analyses.

3.4. Identiϐication Strategy

A key empirical challenge in estimating Equations
(5)–(8) is the potential endogeneity of ϐinancial innova‑
tion and rural credit access. Regions with more produc‑
tive agriculture may attract greater development of dig‑
ital ϐinancial services, and unobserved household char‑
acteristics may jointly affect credit access and produc‑
tivity. This subsection discusses how the empirical de‑
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sign addresses these concerns. First, the analysis ex‑
ploits the panel structure of the data and includes house‑
hold ϐixed effects and year ϐixed effects in all baseline
speciϐications. Household ϐixed effects control for time‑
invariant unobserved characteristics, such as farming
ability, risk preferences, and long‑standing access to so‑
cial networks, while year ϐixed effects absorb common
macroeconomic shocks and nationwide policy changes.
This two‑way ϐixed‑effects structure helps limit bias
arising from unobserved heterogeneity. Third, ϐinancial
innovation is measured at the regional level and reϐlects
the development of the local digital ϐinancial environ‑
ment rather than individual household choices. Indi‑
vidual farm households have limited ability to inϐluence
regional FinTech development in the short run, which
mitigates concerns of reverse causation fromhousehold
productivity to ϐinancial innovation. To further address
concerns related to simultaneity, alternative speciϐica‑
tions use lagged values of regional ϐinancial innovation
as explanatory variables. Third, we include a rich set
of household‑ and region‑level controls accounting for
observable characteristics potentially affecting ϐinancial
innovation, credit access, and farm productivity. These
controls capture differences in household demograph‑
ics, farm scale, and local economic conditions, helping to
control for possible omitted‑variable bias. Finally, while
Equations (5)–(8) are estimated in reduced form, the
mediation analysis explicitly links ϐinancial innovation
to productivity through rural credit access. Sign con‑
sistency and magnitude similarity of coefϐicients across
these speciϐications are consistent with this putative
conceptual mechanism. Other robustness checks, such
as alternative measures of key variables or sub‑sample
analyses, are employed to test for the robustness of the
result.

To further investigate the issue of endogeneity, we
also estimate speciϐications that utilize plausibly exoge‑
nous variation in local digital infrastructure to drive Fin‑
Tech diffusion. In particular, an instrumental‑variables
(IV) strategymay instrument county‑level FinTechwith
measures that capture the timing and intensity of broad‑
band/mobile network rollout or policy‑driven infras‑
tructure pilots. We view the IV estimates as provid‑
ing robustness evidence, whichmay be presented along

with ϐirst‑stage diagnostics (relevance) and placebo
checks (exclusion), instead of the full structural causal
model.

Together, all of these methods are not necessarily
aiming at achieving a strictly structural causal relation;
however, they offer an empirically plausible approach in
whichwe can test the relationships that are predictedun‑
der our hypothetical mechanistic model. Furthermore,
as a robustness check, we supplement our FE analysis
with an instrumental variables (IV) approach, which ex‑
ploits potentially exogenous variation in local informa‑
tion technology as an upstream factor for local FinTech
growth. In particular, we use policies related to the roll‑
out of broadband and mobile networks at the county
level as an instrument for FinTech intensity. We inter‑
pret these IV results as supportive evidence instead of
deϐinite causal estimates, and they are reported along
with the ϐirst‑stage diagnostics.

4. Results
This section presents the baseline empirical evi‑

dence on the relationships among ϐinancial innovation,
rural credit access, and farm productivity, based on the
speciϐications in Equations (5)–(7). The focus is on
whether the estimated associations are consistent with
the proposed conceptual channel in which FinTech de‑
velopment is related to productivity via rural credit ac‑
cess.

4.1. Baseline Results: Financial Innovation,
Credit Access, and Farm Productivity

Table 2 reports the baseline estimates. Columns
(1)–(2) examine whether regional ϐinancial innovation
is associated with household credit outcomes, using a
credit participation indicator and the logarithm of (1 +
credit amount) as dependent variables, respectively. Col‑
umn (3) links credit access to farm productivity (TFP).
Column (4) estimates the reduced‑form association be‑
tween ϐinancial innovation and TFP. All speciϐications
include household ϐixed effects and year ϐixed effects, a
consistent set of controls, and standard errors clustered
at the county level.
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Table 2. Baseline effects of ϐinancial innovation, credit access, and farm productivity.
Variables (1) Credit (Any) (2) ln (1 + Credit) (3) TFP (4) TFP

FinTech 0.1071 0.4469*** 0.3142***
−0.0724 −0.1629 −0.083

Credit access 0.2477***
−0.03

Household FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Clustered SE Region Region Region Region
Observations 1,920 1,920 1,920 1,920

Notes: *** denotes statistical signiϐicance at the 1% levels. Financial innovation is measured by the PKU Digital Financial Inclusion Index (PKU‑DFIIC). Credit (any)
is an indicator equal to one if the household reports any borrowing during the production year, including both formal and informal sources. ln (1 + Credit amount)
is reported for households with positive borrowing and excludes zero‑credit observations; all regressions use the full sample with appropriate transformations.
Agricultural total factor productivity (TFP) and land productivity exhibit skewed distributions with outliers. All main results are robust to alternative productivity
measures and winsorization of extreme values. Summary statistics are based on CFPS rural farm households observed in 2014, 2016, 2018, and 2020.

The baseline estimates are summarized in Table 2.
Interpretation focuses on the sign, magnitude, and statis‑
tical signiϐicance of the reported coefϐicients, with partic‑
ular attention to whether (i) FinTech is associated with
rural credit access on the extensive and intensivemargins,
(ii) credit access is associatedwith farm productivity, and
(iii) the reduced‑form FinTech–productivity association
is consistent with the conceptual channel in Figure 1.

4.2. Mediation Analysis: The Role of Rural
Credit Access

Table 3 reports the mediation exercise. Column
(1) presents the reduced‑form association between Fin‑
Tech and TFP, and Column (2) adds the credit‑access
mediator. Mediation evidence is evaluated by compar‑
ing the FinTech coefϐicient across the two columns and
by assessing the coefϐicient on credit access, without im‑
posing a fully structural interpretation. Further anal‑
ysis suggests that the mediating role of credit access
is primarily driven by borrowing used for productive
purposes, such as agricultural inputs and investment,

whereas borrowing mainly for consumption smoothing
exhibits a weaker association with farm productivity.

4.3. Heterogeneous Effects: Infrastructure
and Return Migration

Table 4 evaluates heterogeneity by local condi‑
tions. Columns (1)–(2) interact FinTech with a proxy
for digital infrastructure, and Columns (3)–(4) interact
FinTech with return‑migration intensity. The interac‑
tion terms testwhether the FinTech–credit and FinTech–
productivity associations vary systematically with these
conditioning factors.

4.4. Robustness Checks

Table 5 reports robustness checks that probe sen‑
sitivity to timing and measurement choices. The exer‑
cises include using lagged FinTech, alternative produc‑
tivity measures, and winsorization of TFP. The goal is to
verify that the qualitative patterns are not driven by a
speciϐic speciϐication or outliers.

Table 3. Mediation analysis: The role of rural credit access.
(1) Reduced Form (2) Mediation

FinTech 0.3142*** 0.2881***
−0.083 −0.0743

Credit access 0.2437***
−0.0294

Household FE Yes Yes
Year FE Yes Yes
Controls Yes Yes

Clustered SE Region Region
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Table 3. Cont.

(1) Reduced Form (2) Mediation

Observations 1,920 1,920
Notes: *** denotes statistical signiϐicance at the 1% levels. Standard errors are in parentheses and are clustered at the county level. All speciϐications include
household and year ϐixed effects. Controls include household head age and education, log farm size, log household assets, and regional GDP per capita. The analysis
uses CFPS farm households in 2014, 2016, 2018, and 2020 matched to PKU‑DFIIC (county‑level where available).

Table 4. Heterogeneous effects of digital infrastructure and return migration intensity.
(1) Credit (Any) (2) TFP (3) Credit (Any) (4) TFP

FinTech 0.1086 0.3031*** 0.108 0.3161***
−0.0757 −0.0749 −0.0663 −0.063

FinTech × Infra −0.0307 0.2274***
−0.0359 −0.0363

FinTech × ReturnMig 0.1039** 0.2105***
−0.0424 ‑0.0565

Household FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Clustered SE Region Region Region Region
Observations 1,920 1,920 1,920 1,920

Notes: ** and *** denote statistical signiϐicance at the 5% and 1% levels. Standard errors are in parentheses and are clustered at the county level. All speciϐications
include household and year ϐixed effects. Controls include household head age and education, log farm size, log household assets, and regional GDP per capita. The
analysis uses CFPS farm households in 2014, 2016, 2018, and 2020 matched to PKU‑DFIIC (county‑level where available).

Table 5. Robustness checks.
(1) Lagged FinTech (2) Alt. Productivity (3) Winsorized TFP

FinTech 0.1997*** 0.3121*** 0.2695***
−0.0498 −0.0756 −0.0685

Household FE Yes Yes Yes
Year FE Yes Yes Yes
Controls Yes Yes Yes

Clustered SE Region Region Region
Observations 1,440 1,920 1,920

Notes: *** denotes statistical signiϐicance at the 1% levels. Standard errors are in parentheses and are clustered at the county level. Column (1) replaces contempo‑
raneous FinTech with lagged county‑level FinTech. Column (2) uses an alternative productivity outcome. Column (3) winsorizes TFP at the 1st and 99th percentiles.
All speciϐications include household and year ϐixed effects and the baseline controls described in Table 2.

5. Discussion and Implications

The set of estimates in Tables 2–5 provides a com‑
pact way to evaluate whether the empirical patterns
align with the proposed credit‑constraint channel link‑
ing ϐinancial innovation, credit access, and farm produc‑
tivity. The discussion below focuses on the interpreta‑
tion and implications that follow when the coefϐicients
exhibit the expected signs, magnitudes, and robustness.

A natural interpretation—conditional on the esti‑
mated signs and robustness—is that digital ϐinancial de‑
velopment may be associated with lower informational
and transaction frictions in rural credit markets, which
could correspond to greater input purchases and invest‑
ment in productivity‑enhancing technologies [24, 25].

Heterogeneity analyses can be informative for pol‑
icy design. If the interaction terms indicate stronger
associations in areas with better digital infrastructure
or higher return‑migration intensity, this would suggest
complementarities between FinTech diffusion, connec‑
tivity, and rural entrepreneurship dynamics [26].

Policy implications follow from the extent to which
credit access appears to be the primary channel and
from the degree of heterogeneity across local conditions.
In practice, interventions that expand digital connectiv‑
ity, improve digital skills, and strengthen rural ϐinancial
institutions may enhance the productivity relevance of
FinTech development [24, 26].

There are several caveats we should keep in mind.
More generally, despite ϐixed effects and rich controls,
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disentangling causation from mere correlation is difϐi‑
cult given the presence of possible time‑varying omitted
variables as well as policy‑induced co‑movements in lo‑
cal growth and FinTech proliferation. Future work may
improve identiϐication through the exploitation of exoge‑
nous variation in FinTech deployment, policy pilots, or
exogenous shocks to the digital infrastructure. It will
also be useful to look at other channels than insurance,
payments, or supply chain, and to assess the distribu‑
tional impact by farm size, age groups, regions, and so
on to ϐind out which group is more beneϐicial for ϐinan‑
cial innovation in rural revitalization [18, 19].

6. Conclusions
In this paper, we develop a parsimonious frame‑

work relating ϐinancial innovation to farm productivity
via rural credit access andevaluate the empirical implica‑
tions using household‑level panel data and ϐixed‑effects
speciϐications. Our ϐindings are in linewith the view that
regional FinTech development is related to household
credit outcomes aswell as farmproductivity, and that ru‑
ral credit access is a relevant channel in linewith the em‑
pirical pattern. Our results also point to interesting het‑
erogeneity: the relationship between ϐinancial innova‑
tion and productivity seems stronger for countries that
have better internet access and a greater share of their
population returning as migrants, indicating the role of
local conditions on how ϐinancial inclusion manifests it‑
self through agricultural productivity.

From a policy perspective, the ϐindings underscore
the importance of complementary conditions in trans‑
lating digital ϐinancial development into real‑sector out‑
comes. Investments in digital infrastructure, digital
capabilities, and rural ϐinancial institutions may en‑
hance the productivity relevance of FinTech develop‑
ment, while place‑based initiatives that support return‑
migrant entrepreneurship may be associated with a
stronger ϐinance–productivity linkage. At the same time,
expanding digital ϐinance should be accompanied by at‑
tention to risk management, consumer protection, and
persistent digital divides, particularly in rural areas.

There are a number of caveats to be careful with.
Whileweusedhousehold ϐixed effects aswell as rich con‑

trols and numerous robustness checks, separating cau‑
sation from correlation is difϐicult because of the possi‑
bility of time‑varying unmeasured confounders as well
as common trends in region’s growth and FinTech adop‑
tion. Future work might use quasi‑experimental varia‑
tion in digital infrastructure rollout, or in policy pilots
to bolster identiϐication, and by focusing on other chan‑
nels besides credit (e.g., insurance, payments, or supply‑
chain ϐinance). In sum, results should be read as strong
associations that are consistent with a putative concep‑
tual model but not necessarily as causal estimates.

On themore general development agenda level, our
results are relevant for several UN SDGs, including SDG 1
(No Poverty), SDG 2 (Zero Hunger), SDG 8 (DecentWork
and Economic Growth), and SDG 9 (Industry, Innovation,
and Infrastructure). By focusing on the role of digital ϐi‑
nance for alleviating rural credit constraints and aiding
agricultural productivity, this work adds evidence that
is relevant for the policy discussion about inclusive and
sustainable rural development.
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