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ABSTRACT

The digital transformation of the agricultural sector strengthens the role of digital infrastructure and fi-
nancial inclusion as factors of productivity growth in agriculture in the context of structural modernization
of the economy. The aim of the study is to assess the impact of digital infrastructure on agricultural pro-
ductivity and to identify the cross—country heterogeneity of effects in economies with different levels of
digitalization and institutional development. A balanced panel for 2011-2023 (26 observations) based on
data from the World Bank and the International Labour Organisation was used. In the combined model,
digital infrastructure demonstrates a positive and statistically significant relationship with performance (B
=0.7626; p < 0.01), with a high quality of fit (r2 = 0.946). The exclusion of pandemic years confirms the
stability of the effect (B = 0.744; p < 0.01; r2 = 0.937). The cross-country analysis revealed heterogeneity:
in China, the effect of digital infrastructure is positive and significant (B = 0.421; p < 0.01), while in Kazakh-
stan the coefficient is negative and weakly significant at the level of 10% (B = -0.483; p = 0.092), indicating
differences in institutional readiness and the level of digital maturity. The results obtained confirm the
importance of digital infrastructure in improving the efficiency of the agricultural sector, but demonstrate
that the institutional and structural environment determines the scale and direction of this impact.
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AHHOTALUMA
LUndpoBaaTpaHchopmMaLMaarpapHOro cekTopaycnanBaeT posibLumdpoBoit MHPPACTPYKTYpblPUHAHCOBOM
WMHK/IIO3UN KaK GAKTOPOB POCTa MPOU3BOAMUTENBHOCTM B CE/IbCKOM XO3AMCTBE B YC/NIOBUAX CTPYKTYPHOM
MOLEPHU3ALLMN SKOHOMMKMU. Llenb mccnepoBaHUA — OLLEHUTb BAMAHME LMDPOBON MHPPACTPYKTYPbI
Ha MPOM3BOAMUTENBHOCTb CE/TbCKOTO XO03AMCTBA U BbIABUTb MEXKCTPAHOBYI FeTeporeHHOCTb 3PpPeKTOB B
SKOHOMMKaX C Pa3/IMYHbIM YPOBHEM LMPPOBU3ALUN N UHCTUTYLLMOHANIbBHOTO pa3BuTUA. Mcnonb3oBaHa
cbanaHcupoBaHHasa naHenb 3a 2011-2023 rr. (26 HabaogeHW) Ha OCHOBE [AaHHbIX BcemupHoro
6aHKa U MexayHapoaHOW opraHM3aummn Tpyaa. B obbegmMHeHHON mogenu umdpoBas MHGPACTPYKTypa
AEMOHCTPUPYET MOIOKMUTE/IbHYHO M CTAaTUCTUYECKM 3HAUMMYLO CBA3b C MPOM3BOAMUTENbHOCTLIO (B = 0,7626;
p < 0,01), Npu BbICOKOM KadecTse noaroHku (r2 = 0,946). ckaoueHne naHAEMUIAHbIX NET NOATBEPXKAaeT
ycroiumsoctb adpdekTa (B = 0,744; p < 0,01; r> = 0,937). MexcTpaHOBOW aHaAN3 BbIABU/ reTeporeHHOCTb:
B Kutae addeKkt umdpoBoli MHGPaACTPYKTYpbl NONOKUTENEH M 3Hauum (B = 0,421; p < 0,01), Toraa Kak
B KasaxctaHe KoaddULMEHT oTpuuaTeneH n cnabo 3Haumm Ha yposHe 10% (B = -0,483; p = 0,092), uTo
yKa3blBaeT Ha Pa3nnMyna B UHCTUTYLMOHAIbHOM FOTOBHOCTM M YPOBHE LndpoBoi 3penoctu. MonyyeHHble
pesynbTaTbl MNOATBEPMKAAT 3HAYMMOCTb LMPPOBOM MHOPACTPYKTYPbl KaK daKTopa NOBbIWEHUA
3 dEKTMBHOCTM arpapHOro CEKTopa, OAHAKO AEMOHCTPUPYIOT, YTO UHCTUTYLIMOHA/IbHAA M CTPYKTYpPHas
cpefa onpegenset macwTtab u HanpaBAEeHHOCTb 3TOro BO3AENCTBUS.
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INTRODUCTION

Over the past decade, the development of the
digital economy has transformed resource allocation
and production processes in agriculture. From a pro-
duction factor perspective, the relationship between
digital infrastructure and agricultural productivity
has become a key issue in agricultural economics.
This is particularly important for major agricultural
countries such as China and Kazakhstan, which are
seeking to modernize their agriculture and increase
farmers’ incomes while addressing land and water
scarcity.

Existing research has shown that digital infra-
structure can improve agricultural productivity by
reducing transaction costs and increasing efficiency.
However, most empirical evidence is based on coun-
try-specific analyses, and systematic comparisons of
countries at different stages of economic develop-
ment are lacking. Furthermore, the literature has not
adequately explained whether the relationship be-
tween digital infrastructure and agricultural produc-
tivity varies across institutional and structural con-
texts. Therefore, this study examines whether there
is a link between national-level digital infrastructure
and agricultural productivity, and whether this rela-
tionship differs between China and Kazakhstan.

Beyond digital infrastructure, digital financial in-
clusion has emerged as a complementary driver of
agricultural transformation. By expanding access to
credit, insurance, and mobile payment systems, dig-
ital finance can alleviate liquidity constraints faced
by rural households, reduce information asymme-
tries, and enhance investment in modern agricul-
tural inputs and technologies. In developing and
transition economies, where traditional financial
systems often underserve rural areas, digital finan-
cial services may play a particularly significant role
in facilitating productivity-enhancing investments
and stabilizing farm incomes.

At the same time, the effectiveness of digital fi-
nance in promoting agricultural productivity may
depend on national institutional capacity, regulatory
frameworks, and the level of digital literacy. Dif-
ferences in financial market development, rural in-
frastructure, and policy support between China and
Kazakhstan provide a valuable comparative setting
for examining heterogeneous impacts. By integrat-
ing digital infrastructure and digital financial inclu-
sion into a unified analytical framework, this study
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contributes to a deeper understanding of how digital
transformation influences agricultural productivity
growth under diverse development conditions.

This study uses balanced panel data from 2011
to 2023 to examine this relationship using panel
regression models and country-specific estimation
methods. Digital infrastructure is measured by in-
ternet penetration, which reflects the degree of dig-
ital connectivity within a country using a uniform
international metric. Empirical results show a posi-
tive correlation across the entire sample, but coun-
try-level estimates show differences between China
and Kazakhstan. This paper provides comparable
evidence on the role of digital infrastructure in ag-
ricultural productivity across different development
contexts.

The purpose of this article is to examine whether
digital financial inclusion improves agricultural pro-
ductivity and compare its impact in countries with
different levels of digitalization and economic de-
velopment.

LITERATURE REVIEW

According to the definition of the Organization
for Economic Cooperation and Development, dig-
ital infrastructure refers to communications and
information systems that support the generation,
transmission, and processing of data (OECD, 2019).
Digital infrastructure includes fixed and mobile
broadband networks, fibre optic transmission sys-
tems, data centres, and cloud computing services.
The International Telecommunication Union points
out that internet usage, broadband subscriber num-
bers, and network coverage are key indicators of the
level of digital connectivity (ITU, 2022). From an
economic perspective, Greenstein (2021) argued
that digital infrastructure is not a single device or
technology but rather a multi-layered connectivity
architecture comprising application, transport, inter-
net, and connectivity layers. Its structural character-
istics enable the efficient transmission of informa-
tion and resources between individuals, businesses,
and governments. Based on this definition, this pa-
per defines national-level digital infrastructure as
the level of digital connectivity and uses individual
internet usage as a proxy variable. Given that agri-
cultural production is spatially dispersed and subject
to information asymmetry, improving digital con-
nectivity may affect agricultural labor productivity.
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This paper focuses on China and Kazakhstan to ex-
amine the correlation between each country’s digital
connectivity and agricultural labor productivity at
the macro level.

Gollin (2023) argued that differences in agri-
cultural productivity are important in explaining
differences in income and structural transformation
across countries, showing that spatial resource al-
location and cropping patterns influence outcomes.
Macours (2019) conducted a literature survey on
the diffusion of agricultural innovations and argued
that technology adoption depends not only on yield
improvements but also on the characteristics, com-
plexity, and availability of information. Hjort et
al. (2019) examined variations in the deployment
of submarine internet cables in Africa and used a
difference-in-differences approach to estimate that
faster internet access is associated with increased
employment, which, in turn, leads to firm entry and
productivity growth. Aker et al. (2015) used mar-
ket-year data from Niger from 1999 to 2008 to show
that the introduction of mobile phones reduced the
spatial dispersion of prices for the semi-perishable
crop cowpea, but the effects on millet and sorghum
were statistically insignificant. All these studies sug-
gest that increased digital connectivity can improve
information efficiency and increase market integra-
tion, which in turn can affect resource allocation and
agricultural labor productivity.

Bocean (2024) reviewed EU countries to show
that the adoption of digital technology through ICT
improves the productivity of agricultural labour
but does not necessarily improve the productivity
of agricultural land. The authors, Rajkhowa and
Baumiiller (2024), used panel data from 86 countries
and found that ICT levels correlate with both agri-
cultural labour and agricultural land productivity;
however, labour productivity shows a stronger cor-
relation. Bai et al. (2022) conducted research in the
U.S. and indicated that areas with broadband cover-
age have experienced greater growth in farm sales.
LoPiccalo (2021) indicates a statistically significant
relationship between higher penetration rates of
high-speed broadband access and improvements in
crop yields and decreases in operating costs. Suroso
et al. (2022) conducted a study using a panel dataset
of 126 countries and identified statistically signif-
icant relationships between fixed broadband pene-
tration, internet penetration, and farm value-added.
Similarly, Oyelami et al. (2022) analysed data from
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sub-Saharan Africa and showed evidence of a long-
run statistically significant relationship between
mobile telecommunication utilisation, internet us-
age, and agricultural output. In general, the studies
highlighted above show that digital infrastructure
(i.e., fixed broadband networks, mobile telecommu-
nication networks, and internet penetration) is con-
sistently linked to agricultural labour productivity,
agricultural land productivity, and farm value-added
across multiple economic contexts.

Most research on the relationship between dig-
ital infrastructure and agricultural productivity in
China has focused on how digital infrastructure can
enhance productivity. Research by Rahman and Ma-
mun (2017) has shown that there is a statistically
significant positive relationship between telephone
infrastructure and total agricultural output. Qiubo et
al. (2020) found a statistically significant relation-
ship between total factor productivity in agriculture
and ICT indicators (internet and mobile network
coverage). At the farm level, Li et al. (2024) found
that internet use for agricultural production was as-
sociated with higher technical efficiency, whereas
mere internet access was not an unequivocal indi-
cator of technical efficiency. Additionally, Deng et
al. (2024) identified a statistically significant rela-
tionship between internet usage and increased land
productivity. Wang and Cai (2025) and Zhao et al.
(2025) both found statistically significant relation-
ships between levels of digital infrastructure and to-
tal agricultural productivity. Thus, the use of various
digital infrastructure indicators shows statistically
significant relationships with agricultural productiv-
ity in many instances.

In Kazakhstan, while relatively little first-hand
empirical data exists regarding the impact that
growth in digital infrastructure has on growth in
agricultural productivity, Kushzhanov and Aliyev
(2018) noted significant improvement in access to
fixed broadband and mobile networks as a result of
evaluating the implementation of the “Digital Ka-
zakhstan” strategy; however, rural residents con-
tinue to have lower quality of access than urban
residents. Gaysina et al. (2023) note that with the
development of digitalization, the role of farms is
changing: opportunities for online marketing of ag-
ricultural products through marketplaces and social
media, as well as the use of digital agricultural advi-
sory services, electronic government subsidies, and
support programs are emerging. On a sector-by-sec-
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tor basis, Aldashev and Batkeyev (2021) found that
rural broadband expansion had a positive impact on
sectors beyond agriculture, such as trade and retail,
but no statistically significant impact on agricultural
productivity. Similarly, Bekbossinova and Doszhan
(2025) found no statistically significant relationship
between growth in the level of internet penetration
and growth in gross agricultural output when ana-
lyzing panel data for the period from 2010 through
2023. Overall, the existing body of evidence does
not provide substantial support for establishing a
systematic relationship between increasing levels
of digital infrastructure and agricultural productiv-
ity. However, certain digital platforms, including
Qoldau.kz and the e-APK ecosystem, are improving
the efficiency with which farmers receive agricul-
tural subsidies and integrating agricultural records,
thereby contributing to the evolution of digital in-
frastructure for agriculture at the institutional level.

He et al. (2025) and several other studies exam-
ining country-specific contexts have also noted that,
while the connection between digital infrastructure
and agricultural performance has been an important
topic of investigation, many structural limitations
remain. First, most of the available literature focus-
es on a single country, particularly China, limiting
the ability to conduct systematic comparative anal-
yses across multiple economies at different levels
of agricultural development. Second, while Patel et
al. (2025) utilised cross-country data, their primary
focus was on the digitisation of agriculture and sus-
tainability rather than on agricultural productivity,
and did not treat agricultural productivity as the pri-
mary outcome variable, nor did they systematically
compare differences in development levels across
countries. Lastly, while most studies have shown a
statistically significant correlation between digital
connectivity measures and agricultural productivi-
ty, there has been little explanation for why these
relationships are stronger in some countries than in
others or absent in many. This gap is particularly
relevant in comparative studies between China and
Kazakhstan. Therefore, there is a need to conduct
cross-national, longitudinal studies to systemat-
ically analyse the impact of national digital infra-
structure development on agricultural productivity
growth across different structural and institutional
environments.
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RESEARCH METHODS

This study constructs a balanced panel dataset
for China and Kazakhstan spanning 2011-2023.
All data are primarily obtained from reputable in-
ternational databases, such as the World Bank and
the International Labour Organisation. Using inter-
national sources ensures comparability of statistical
indicators and consistency in calculation methodol-
ogies. At the time of data collection (i.e., the 2025
World Development Indicators update), 2023 was
the last period for which complete data were avail-
able for both countries.

Therefore, data for 2024 were excluded from the
analysis to maintain a balanced panel structure. The
dependent variable is agricultural productivity, mea-
sured as value added per worker in the agriculture,
forestry, and fisheries sectors (in constant 2015 US
dollars), reflecting the level of labor efficiency in
the agricultural sector. This indicator is widely used
in empirical studies to measure production inten-
sity and technological development in agriculture.
The main explanatory variable is internet penetra-
tion, which is used as a cross-country indicator of
national digital infrastructure development. This
indicator reflects the degree of digital connectivity
of the economy, the availability of information and
communications technologies, and the potential for
the dissemination of digital services in rural areas.

The model includes three control variables:

(1) the share of employment in agriculture, re-
flecting the structure of labor force utilization;

(2) gross capital formation as a percentage of
GDP, characterizing overall investment activity and
the potential for upgrading production assets;

(3) the share of agricultural raw material exports
in merchandise exports, reflecting the degree of
openness of the agricultural sector and its orienta-
tion toward external demand. Including these vari-
ables reduces the problem of omitted variable bias
and more accurately isolates the impact of digital
infrastructure on productivity.

The natural logarithmic transformation of all
variables produces stabilised data, which becomes
easier to interpret in economic terms. To examine
the effect of digital infrastructure on agricultural
productivity, the following OLS baseline model is
established (1):
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In(agri_it) = o + P,In(digi_it) +

+ B.In(employ it) + Bsln(capital_it) +

+ Baln(export_it) + ¢ it

where:

In(agri_it) — agricultural labour productivity;

In(digi_it) — national digital infrastructure (inter-
net penetration rate);

In(employ _it) — agricultural employment share;

(1

Table 1. Descriptive statistics of main variables
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In(capital_it) — gross capital formation (% of
GDP);

In(export_it) — agricultural raw materials exports
(% of merchandise exports);

€_it — the random error term.

Table 1 presents the descriptive statistics for the
key variables over the period 2011-2023.

Variable Mean SD Min Max

In_agri 8.6119 0.3340 8.0265 9.1372
In_digi 4.1797 0.2553 3.6455 4.5313
In_employ 3.0577 0.3287 2.4956 3.5496
In_capital 3.5222 0.2609 3.1354 3.8345
In_export -1.2103 0.4269 -2.2046 -0.5975

Note: compiled by the authors

It can be seen that agricultural productivity (In_
agri) has a mean of 8.61 and a standard deviation of
0.33, indicating a relatively moderate level of varia-
tion in agricultural efficiency across these two coun-
tries, though some disparities remain. The mean of
digitalisation (In_digi) is 4.18, and a standard devia-
tion of 0.26, this reflects the variation in the level of
digitalisation over the sample period. China’s pen-
etration of the Internet has been rapidly expanding,
whereas Kazakhstan’s has been developing more
slowly.

Agricultural employment (In_employ) had a
standard deviation of 0.33, indicating considerable
variation in the structure of labour employed and
the process of labour shifting from agriculture to
non-agriculture during this period of modernisation.
The capital formation (In_capital) has a standard de-
viation of 0.26, indicating that the conditions of cap-
ital invested in agriculture are again rather stable.
The agricultural exports (In_export) had a standard
deviation of 0.43, which is also the highest among
the variables considered. This indicates that there is
a significant difference in the openness and external
orientation of the two countries as far as agriculture
is concerned. These results are descriptive statistics
that lead up to the regression analysis that follows.

RESULTS

This section presents the results of an empirical
assessment of a baseline model designed to identi-
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fy the impact of digital infrastructure on agricultur-
al productivity in China and Kazakhstan over the
period 2011-2023. The resulting estimates allow
us to quantify the strength and direction of the re-
lationship between the level of digitalization and
agricultural sector performance, taking into account
structural and macroeconomic factors. The analysis
is based on panel data and ordinary least squares,
ensuring comparability of the results across the two
countries and forming the basis for further testing
of the robustness and cross-country heterogeneity of
the identified effects.

The model explains a significant share of the
variation in agricultural productivity and is able to
characterise the sampled series favourably: R* =
0.946 and F statistic = 121.01 (p < 0.01), indicating
that the OLS regressions were statistically signifi-
cant overall. Internet penetration is used as a proxy
for digital infrastructure in this model to capture the
broader digital landscape rather than directly mea-
suring digital financial services.

As can be seen from the table, the digital infra-
structure variable (In_digi) shows a value of 0.7626
(p = 0.000). Since it is a positive figure with sat-
isfactory statistical significance, this indicates that
digital infrastructure is positively associated with
agricultural productivity at the 1% level. Possible
factors that may explain this relationship include
better access to agricultural credit, lower informa-
tion and transaction costs, and greater adoption of
technology in agriculture.
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Table 2 presents the OLS results for 2011-2023,
using panel data from China and Kazakhstan to ex-

Table 2. Baseline regression results

amine how digital infrastructure relates to agricul-
tural productivity.

Variable Coefficient | Std. Error | t P>|t| 95% Conf. Interval
In_digi 0.7626 0.1389 5.49 | 0.000%*** [0.4738, 1.0514]
In_employ -0.6640 0.1398 [-4.75] 0.000*** | [-0.9548, -0.3733]
In_capital 0.6751 0.1343 5.03 | 0.000%*** [0.3958, 0.9545]
In_export -0.0438 0.1143 |[-0.38| 0.705 [-0.2815, 0.1939]
cons 5.0238 0.6625 7.58 | 0.000%*** [3.6460, 6.4017]
Obs = 26 R = 0946 F 4, 21) =

121.01 Prob>F=0.000 Root MSE =0.084

¥k < (.01, ** p<0.05, * p<0.1.

Note: compiled by the authors

The coefficient of agricultural employment share
(In_employ)is -0.6640 (p =0.000) - negative and sta-
tistically significant at the 1% level - suggesting that
the transfer of a share of labour out of agriculture
into other branches is associated with agricultural
labour productivity. The capital formation (In_capi-
tal) estimate is 0.6751 (p = 0.000), implying a clear
upward push at the 1% threshold and is positive and
significant for agricultural productivity. The coeffi-
cient on agricultural export (In_export) is -0.0438 (p
= 0.705), statistically insignificant, suggesting that
positive day-to-day export changes are not related
to agricultural productivity.

From the VIF tests, it can be seen that multicol-

Table 3. Robust test results (excluding COVID-19 years)

linearity among the main explanatory variables is
acceptable. In the main, digital infrastructure shows
a significant positive relationship with agricultural
productivity, as theoretically expected and provides
justification for the robustness and heterogeneity
tests which follow. The limited observations cover
two countries; thus, the high R?s should be interpret-
ed with caution, as they also reflect broad macro-
economic trends in the sample rather than the actual
strong explanatory power.

As indicated in Table 3, to control for the possi-
ble influence of the COVID-19 pandemic, we ex-
clude the years 2020-2021 from our estimation.

Variable Coefficient Std. Error t-Statistic | p-Value
In_digi 0.744 0.156 4.76 0.000%**
In_employ -0.674 0.156 -4.32 0.000%**
In_capital 0.642 0.160 4.00 0.001%**
In_export -0.029 0.128 -0.23 0.820
_cons 5.267 0.842 6.26 0.000%**
¥k p <0.01, ** p<0.05, *p<0.1.R*=0.937,

F(4,17)=82.16, Prob > F = 0.000, Obs = 22.

Note: compiled by the authors

The results show that the coefficient on digital
infrastructure (In_digi) is 0.7436 (p = 0.000), still
positive and at the 1% level, and almost the same as
the baseline value of 0.7626 (p = 0.000), indicating
the stability of the positive association between dig-
ital infrastructure and agricultural productivity. The
coefficient on the agricultural employment share
(In_employ) is -0.6737 (p = 0.000), significant-
ly negative at the 1% level, suggesting that labour
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movement from agriculture to the non-agricultural
sectors is associated with agricultural productivity.
The coefficient on capital formation (In_capital) is
0.6415 (p = 0.001), indicating a significant posi-
tive relationship, suggesting that capital investment
is positively related to agricultural productivity. In
contrast, the coefficient of agricultural exports (In_
export) is -0.0295 (p = 0.820) and still insignificant,
implying that temporary fluctuations in agricultural
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exports have a limited impact on agricultural pro-
ductivity. In general, the model still has very high
explanatory power (R? = 0.937), which is very close
to that of the baseline regression (R? = 0.946), there-
by reiterating the stability of the empirical results.

Table 4. Robust test results (standardised variables)

MHHOBAIIMU N [ITU®POBA S SKOHOMUKA

Table 4 presents the results from the regression
after standardising the variables using the z-score
transformation to further strengthen the regression’s
robustness.

Variable Coefficient Std. Error t-Statistic p-Value
z In digi 0.583 0.106 5.49 0.000%**
z In_employ -0.654 0.138 -4.75 0.000%**
z In capital 0.528 0.105 5.03 0.000%**
z In export -0.056 0.146 -0.38 0.705
_cons 0.000 0.050 0.00 1.000
K p <0.01, ** p<0.05, * p<0.1.R*=0.946, F(4, 21) = 121.01, Prob > F = 0.000, Obs = 26.

Note: compiled by the authors

The differences in measurement scales have
been eliminated by standardising all variables using
mean-centring and normalisation by the standard
deviation. The coefficient of digital infrastructure
(z_In_digi) is 0.583 (p = 0.000). This figure is statis-
tically significant at the 1% level in both the current
model and in the base regression and the regression
excluding the effects of the COVID variables, sug-
gesting that the positive association between digital
infrastructure and agricultural productivity remains
stable.

The coefficient of the employment share of ag-
riculture (z_In_employ) is -0.654 (p = 0.000). This
figure is also significant at the 1% level, imply-

Table 5. Cross-country heterogeneity analysis results

ing that the transfer of labour from agriculture to
non-agriculture is associated with higher productiv-
ity. The coefficient of capital formation (z_In_capi-
tal) remains significantly above zero, at 0.528 (p =
0.000), implying a positive association. The coeffi-
cient on agriculture’s exports (z_In_export) remains
-0.056 (p = 0.705), as in previous models, and is
statistically insignificant. In general, the regression
reveals strong explanatory power (R? = 0.946). The
direction and significance of the coefficients are ex-
actly the same as in the base regression, thus show-
ing the strong robustness of the findings.
Table 5 displays the results.

Variable C Coef C SE Cp KZ Coef KZ SE KZ p
In_digi 0.4211 0.077 0.001%** -0.4826 0.252 0.092*
In_employ -1.4761 0.235 0.000%** -1.6000 0.176 0.000%**
In_capital 0.2038 0.298 0.514 -0.4142 0.204 0.077*
In_export 0.1096 0.100 0.305 -0.0354 0.038 0.377
_cons 11.0035 0.868 0.000%** 16.6035 1.784 0.000%**
R? 0.9975 — 0.9907 — —
% p <0.01, ** p<0.05, * p<0.1. Robust standard errors reported, Obs = 13.

Note: compiled by the authors

To investigate the different influences of digital
infrastructure on agricultural productivity across
countries, we employed Ordinary Least Squares
(OLS) estimation on the samples from China and
Kazakhstan separately. For China, the estimate of
digital infrastructure (In_digi) is 0.421 (p = 0.001),
which holds at the 1% mark and suggests that dig-
ital infrastructure is positively related to agricultur-
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al productivity. This may be explained by the in-
creased accessibility of agricultural finance and the
efficiency of information, which, in turn, enhances
productivity in the agricultural sector.

In the case of Kazakhstan, the coefficient on dig-
ital infrastructure is -0.483 (p = 0.092), significant
only at the 10% level and indicating that it is not
yet a sufficiently strong and stable influence on ag-
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ricultural productivity. This implies that the founda-
tion of digital infrastructure in Kazakhstan remains
weak, while the relatively low level of informatisa-
tion of agriculture has not been sufficient to translate
digital infrastructure into a factor tending to increase
productivity.

The results here indicate that the role of digital
infrastructure in agricultural productivity shows a
clear cross-country heterogeneity. China’s more de-
veloped digital infrastructure system is associated
with higher agricultural efficiency, while Kazakh-
stan is still in the early stages of digital transforma-
tion. These results indicate cross-country differenc-
es in the relationship between digital infrastructure
and agricultural productivity and provide a basis for
further discussion. However, given the small sub-
sample size for each country, the country-specific
estimates should be interpreted cautiously, particu-
larly in the case of Kazakhstan, where the statistical
significance is weak.

This chapter examines the impact of digital in-
frastructure on agricultural productivity in China
and Kazakhstan, using balanced panel data from
2011 to 2023. The results of the main regression
analysis show that digital infrastructure has a pos-
itive relationship with agricultural productivity
and highlights its important role in improving the
efficiency of the agricultural sector. Data reliability
checks, variable normalisation, and the exclusion of
pandemic years support the reliability and consis-
tency of these results. The heterogeneity test reveals
that while digital infrastructure is positively relat-
ed to agricultural productivity in China, the effect
in Kazakhstan is insignificant or slightly negative.
This may be related to differences in development
stages between the two countries in terms of digital
infrastructure, financial inclusion and agricultural
informatisation. In conclusion, the results suggest a
positive relationship between digital infrastructure
and agricultural productivity, while also indicating
cross-country differences in digital development
patterns. These empirical results provide a basis for
further discussion of policy implications and devel-
opment recommendations in the following chapter.

DISCUSSION
The empirical results suggest that improvements
in digital infrastructure are positively related to agri-

cultural productivity. The regression coefficient for
the digital infrastructure variable in the benchmark
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regression model is 0.7626, statistically significant
at the 1% level (p = 0.000). This indicates a pos-
itive association between digital infrastructure de-
velopment and agricultural production efficiency.
The robustness tests also support this pattern. The
regression excluding the pandemic years of 2020
and 2021 (coefficient = 0.7436, p = 0.000) produc-
es results similar to the benchmark model. The re-
gression using standardised variables (coefficient =
0.583, p = 0.000) also yields comparable coefficient
signs and significance levels. These findings support
the robustness of the positive relationship between
digital infrastructure and agricultural productivity
across different model specifications. In general,
digital infrastructure is consistently associated with
agricultural productivity in the estimated models,
providing a basis for further comparative analysis of
cross-national differences.

Beyond digital infrastructure, other variables are
also statistically significant in relation to agricultur-
al productivity. The agricultural employment vari-
able exhibits a significant negative coefficient in the
overall models (p = 0.000), suggesting that a lower
share of agricultural employment is associated with
higher agricultural labour productivity. This pattern
is consistent with structural transformation, where
labour reallocation may coincide with improvements
in average labour efficiency. The capital formation
variable is significantly positive in all models (p <
0.001), indicating a positive association between
capital accumulation and agricultural productivity.
This may reflect the role of investment in mecha-
nisation and agricultural infrastructure. In contrast,
the coefficient of agricultural exports is negative
and statistically insignificant (p > 0.70), suggesting
that short-term fluctuations in agricultural exports
are not systematically related to agricultural produc-
tivity in the sample. Overall, labour structure and
capital accumulation appear more closely associated
with agricultural productivity than with export per-
formance.

The heterogeneous regression results indicate
cross-country differences in the relationship be-
tween digital infrastructure and agricultural pro-
ductivity. In the Chinese sample, the coefficient of
digital infrastructure is 0.4211 and statistically sig-
nificant at the 1% level (p = 0.001), suggesting a
positive association between digital infrastructure
and agricultural productivity. In contrast, for Ka-
zakhstan, the coefficient of digital infrastructure is
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-0.4826 and weakly significant at the 10% level (p
= 0.092). Given the small subsample size, this esti-
mate should be interpreted with caution. The results
do not provide robust evidence of a positive rela-
tionship between digital infrastructure and agricul-
tural productivity in Kazakhstan during the sample
period.

The coefficients of agricultural employment,
capital formation, and agricultural exports display
broadly similar patterns across the two countries. In
both samples, labour structure and capital accumu-
lation are more consistently associated with agricul-
tural productivity than export performance. Howev-
er, given the limited sample size, these associations
should be interpreted cautiously. Overall, digital in-
frastructure development appears more advanced in
China and is positively associated with agricultural
productivity in the Chinese sample.

CONCLUSION

This study conducts a systematic empirical anal-
ysis of the relationship between digital infrastructure
and agricultural productivity using balanced panel
data from China and Kazakhstan during 2011-2023.
The empirical results indicate that the main research
objectives have been addressed. Digital infrastruc-
ture is positively and statistically significantly asso-
ciated with agricultural productivity in the pooled
sample (coefficient = 0.76, p < 0.01). This associa-
tion remains statistically significant after excluding
the pandemic years (coefficient = 0.74, p < 0.01),
suggesting that the results are robust across model
specifications. The heterogeneity analysis indicates
cross-country differences. In the Chinese sample,
digital infrastructure is positively and significantly
associated with agricultural productivity (coeffi-
cient = 0.42, p < 0.01). In contrast, the estimate for
Kazakhstan is negative and weakly significant (co-
efficient = -0.48, p = 0.09). Given the limited subsa-
mple size, this result should be interpreted cautious-
ly and does not provide robust evidence of a positive
relationship in Kazakhstan during the sample peri-
od. Overall, the findings suggest a positive associ-
ation between digital infrastructure and agricultural
productivity in the pooled analysis, while also in-
dicating cross-country differences in the estimated
relationships.

At the policy level, the findings suggest that
continued improvement in rural digital infrastruc-
ture may be associated with higher agricultural pro-
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ductivity. For China, this implies the importance of
further enhancing digital connectivity in rural areas,
strengthening broadband coverage, and improv-
ing the integration between digital platforms and
agricultural information systems. Ensuring stable
and secure digital networks may help sustain the
observed positive association within the current
institutional framework. For Kazakhstan and oth-
er Central Asian countries, the results indicate that
strengthening basic digital infrastructure—such as
expanding internet access and improving digital
connectivity in rural regions—may be a prerequi-
site for realizing potential productivity gains. Given
the limited empirical evidence in the Kazakh sam-
ple, policy measures should proceed cautiously and
focus on foundational digital development before
expecting measurable productivity improvements.
More broadly, cross-country cooperation in digi-
tal infrastructure standards, data governance, and
connectivity frameworks may facilitate knowledge
exchange and gradual digital integration in the ag-
ricultural sector.

Future research could proceed in at least two di-
rections. First, microdata from agricultural surveys
or firm-level panel datasets can be integrated to ex-
plore potential mechanisms in the relationship be-
tween digital infrastructure and agricultural produc-
tivity. This will allow us to more closely examine
potential transmission channels. Second, nonlinear
specifications and spatial econometric models can
be used to examine whether the relationship be-
tween digital infrastructure and agricultural produc-
tivity varies across regions and levels of develop-
ment. These methods can help to better understand
the heterogeneity and contextual variation in digital
development and agricultural outcomes.
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