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Abstract: Using the three‑proof method combining academic papers, policies, patents and so forth, this paper an‑
alyzes and compares 15 representative global cases in depth, and finds out for the first time: (1) An ecological ele‑
ment contribution elasticity coefficient of 0.234proves that natural capital has its own independent economic value,
and globally, the synergetic effect level is 0.86, realizing simultaneous output growth rate of 6%, resource efficiency
promotion degree of 0.83. (2) Environment‑friendly, economically feasible industrial concept prototypes were dis‑
covered, namely dry fermentation (return on investment ROl 196‰), Dutch factory recycling (ROl 164‰), Israel’s
water‑saving techniques (ROl 246‰) and so forth, with a payback period of 3–5 years, ROl of 18–25 per thousand.
(3) The optimal threshold values are found out respectively for technology development intensity, corporate social
responsibility fulfillment amount, and farmer diversification proportion rather than assuming that more is always
better. Different development path guidance suggestions are provided for different countries/regions according to
their actual situations. It is estimated that applying this framework could increase agricultural resource and energy
efficiency by 15–25 percentage points and thus help achieve the SDGs of the UN. In future research, attention should
also be paid to issues such as evaluation of system resilience under climate change scenarios, application based on
blockchain AI technology integration, consideration of how small‑scale producers can participate in integration,
etc.
Keywords: Ecological Agriculture; Industrial Integration; Synergistic Mechanism; Technology‑Institution‑Market;
Return on Investment; Sustainable Development

1. Introduction
In recent years, global agricultural systems have been facing completely new multiple challenges: under the

dual pressure of resource and environment constraints, and climate change, the traditional agricultural develop‑
ment model is difficult to continue. On the one hand, with the increase in population size and the continuous up‑
grade of residents’ consumption levels, the demand for grain is constantly increasing, which requires a higher level
of agricultural production capacity; on the other hand, the occurrence frequency of various extremeweather events
such as floods and droughts, water shortages in some regions around the world, serious soil erosion problems, etc.,
have becomemore prominent, seriously affecting the stability and sustainability of agricultural production. Related
studies show that flood disasters and other natural calamities not only lead to large‑scale destruction of crops but
also bring huge economic losses to the agricultural sector, affecting people’s lives and regional food safety [1]. In
light of these circumstances, how to achieve “disconnection” between the intensity of using agricultural resources
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and economic development—reducing the intensity of utilizing resources in agriculture but not reducing its eco‑
nomic contribution—has become an important topic in global agricultural sustainable development research.

The precision agricultural production, intelligent irrigation, remote sensing monitoring, and big data analysis
technologies widely used in agriculture can effectively improve the agricultural resource utilization rate, optimize
the production decision‑making process, and reduce negative environmental externalities [2]. The artificial intelli‑
gence technology applied in agriculture, especially machine learning technology, makes agricultural resource man‑
agement more efficient and agricultural production processes more accurate, providing good conditions for realiz‑
ing the green transformation of agriculture [3]. Meanwhile, it promotes the extension of the agricultural industry
chain and the upgrading of the value chain, realizing the deep integration among the first, second, and third indus‑
tries, and forms a variety of business formats such as leisure agriculture, rural e‑commerce, agricultural product
processing, etc. It expands farmers’ income channels and improves the overall benefits of agriculture [4]. But how
the development of digital technology affects the decoupling effect of agricultural resource intensity utilization has
not yet been systematically explained. In addition, there are obvious differences in the development effects between
developed countries and developing countries, and between different agricultural development modes, which put
forward higher requirements for further study on digital agricultural sustainable development paths.

Ecological agricultural industrial integration is an important way to promote the high‑quality development of
modern agriculture, which is not only limited to the extension of the industrial chain in terms of connotation, but
also involves the transformation of productionmethods, the improvement of factor allocation efficiency, innovation
of value creation models, etc. [5]. Ecological agriculture refers to the idea that agricultural production should be
in harmony with ecological systems; circular utilization, reduced input, biocontrol methods, and so on are adopted
to reduce the intensity of inputs of chemicals like fertilizers and pesticides, as well as water resources; it aims at
improving agricultural ecosystem service functions [6]. Industrial integration means that the integrated develop‑
ment across different industries, such as agricultural‑tourism, cultural industry, and healthcare, has been achieved
by crossing boundaries among these industries. Agricultural industries have been further developed in diversi‑
fied ways, and the value of agricultural products has been multiplied. On this basis, the integrated development
mode can not only reduce the degree of dependence on natural resources caused by a single agricultural industry,
but also promote the diffusion and application of new green production technologies through mechanisms such
as technological spillover effects and knowledge sharing, etc. [7,8]. From the perspective of ecological agriculture,
maintaining the diversity of agricultural species, protecting the health of soil, and optimizing the farmland ecologi‑
cal environment are the basis to realize the sustainable use of resources, etc. [9]. Thus, taking the path of exploring
how both the intensity of resource exploitation and economic growth quality could be promoted simultaneously
from the perspective of empowering ecological agricultural industry integration based on digital technology has
very important theoretical and practical significance.

Theoretical research on the decoupling effect of agricultural resources mainly considers the influence of a cer‑
tain factor or a certain technology individually. There are still very few systematic analysis frameworks; even if
there are related studies on the promotion effect of digital technology on agricultural efficiency or the promotion
effect of industry agglomeration on agricultural economic growth. However, there are almost no studies consider‑
ing digital technology, industry agglomeration, decoupling effect of resources, and growth quality simultaneously
based on one analysis framework, in order to explore the internal relationship among them, reveal their operation
mechanism, and so forth. In addition, although building an agricultural economic prediction model can provide
some basis for policies to some extent, it usually ignores the important constraint conditions of resources and the
environment. The research results from the viewpoint of investment show that grasping industrial characteristics
and investment characteristics is conducive to promoting the rational distribution of resources. From this per‑
spective, how to improve both the efficiency of using resources and the level of economic returns by investing in
digital technology and ecological transformation in agriculture deservesmore discussion and research [10]. From a
technology–economy point of view, previous researchmainly provides methods for judging whether new technolo‑
gies are economically applicable in practice, but little attention has been paid to examining what overall benefits
digital technology combined with eco‑agriculture will bring about in agriculture, especially what long‑term influ‑
ences they would have on decoupling effects and growth quality.

In light of the above analysis, based on the above analysis, this article takes the core issue of how to achieve
the decoupling of natural resources utilization intensity and promote the improvement of economic growth qual‑
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ity in the context of the deep integration of the global ecological agriculture industry under the support of digital
technology as the research focus. It constructs an analytical framework of “digital technology empowerment—
industrial integration promotion—resource decoupling realization—growth quality improvement,” and mainly ex‑
plores three aspects of key issues: how digital technology affects the intensity of natural resource utilization in
the context of ecological agricultural industry integration; what is the mechanism through which the decoupling of
natural resources utilization intensity can be realized; and what kind of relationship exists among the decoupling
effect and the improvement of the quality of agricultural economic growth. Based on the above research questions,
this article collected panel data of 20 countries worldwide from 2015 to 2025, used the Tapio decoupling model
to measure the state of resource decoupling, explored the impact mechanism of digital technology and industrial
integration on resource decoupling and economic growth quality from the perspective of panel regression analy‑
sis andmediating effect test respectively, and further deepened its understanding of different development models
and paths through comparative analysis of the developmentmodels and paths of two representative countries (The
Netherlands and China). The results show that digital technology has promoted the improvement of agricultural
total factor productivity and the optimization and upgrade of agricultural industrial structure, thereby realizing the
positive promotion effect on natural resources utilization decoupling, and then further promoting the improvement
of the quality of agricultural economic growth. In addition, it was found that there were differences in the devel‑
opment paths of different countries during the research process; compared with developed countries, developing
countries needmore supportive policies to promote the realization of natural resources decoupling. This study not
only expands the research scope of decoupling theory in the field of agricultural economy and enriches the theoreti‑
cal system of sustainable development of agriculture, but also provides some reference basis for the formulation of
agricultural policies oriented towards sustainability in various countries around the world, providing certain aca‑
demic inspiration for promoting the green transformation of global agriculture and realizing the United Nations’
sustainable development goals (SDGs).

2. Literature Review
Modern agriculture is being transformed deeply due to the restriction of resources and environment, and the

emergence of digital technology provides new opportunities to solve the problem of traditional development diffi‑
culties. Agricultural transformation practice in small island developing states shows the difficulty of realizing sus‑
tainable development when there are scarce resources available. From the perspective of Mauritius, we find that it
is necessary to improve the utilization rate of land and build digital monitoring tools based on precision manage‑
ment technology when transforming agriculture; meanwhile, it’s not only about how to transform technologically,
but also construct institutions and markets that can promote its continuous development [11]. In addition, innova‑
tions in the utilization of biological resources in ecological agriculture offer us some insights into valuing natural
capital. Studies on the use of seaweed and lichen materials for improving soil fertility and mass‑producing bio‑
fertilizers show that if digital technology were used to accurately control the structure of microorganisms, it would
be able to replace chemicalswithout affecting the yield of crops, so as to explore theway of separating inputs of agri‑
cultural resources from outputs of the economy [12]. Finally, empirical analysis on local agroecological transition
provides more knowledge regarding systematic changes. Apple orchards in Himachal Pradesh, India, have shifted
towards themodel of agroecology: digital technology embedded in farmers’ decision support systems could greatly
shorten knowledge diffusion time, lower information cost for introducing eco‑agriculture technologies. But even
with this condition satisfied, transformation cannot succeed unless we reorganize ways of producing and extend
value chains since simply replacing old technology will not bring about both economic and ecological benefits as
expected [13].

The mechanism of how ecological agricultural practice affects the quality characteristics of agricultural prod‑
ucts is an important link in grasping the value creation path based on industry integration. Comparative research on
different ecological and conventional plum orchard planting modes, using digital detection technology, to system‑
atically analyze the differences in nutritional component contents among different planting modes showed that
ecological planting mode could significantly increase fruit soluble solid content and antioxidants content by im‑
proving soil nutrient circulation process; the difference in quality attributes provided a scientific basis for why
ecological agricultural product price should be higher than that of ordinary agricultural products in the high‑end
market, and created conditions for extending the agro‑industrial chain upstream and downstream toward deeply
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processed food and brandmarketing [14]. More andmore researchers pay attention to the effect of institutions and
environment on the diffusion of ecological agricultural technologies. Based on the field survey data of farmers in Ki‑
ambu County of Kenya, we found that although developing digital agricultural extension platforms canmake up for
some shortcomings of traditional extension methods, the lack of regular institutional arrangements still restricts
farmers’ willingness to use new technologies, especially in aspects such as land tenure security, ecological compen‑
sation mechanisms, and green loan policies [15]. Institutional innovation lag will directly affect the effectiveness
of digital technology applications, so when analyzing the paths of ecological agriculture development in the future,
both the technical and institutional dimensions need to be considered together in one analytical framework. Re‑
search on the development strategies of ecological agriculture in the context of Chinese herbal medicines provides
another special industrial perspective on the application scenarios for ecological agriculture promotion and high‑
lights again the distinctive values brought about by digital tracking techniques in terms of the true origin proof and
quality safety guarantee of rawmaterial drugs [16]. Building a complete set of digitizedmanagement systems from
grow environment supervision all the way down to the final delivery, it is possible to achieve precision regulation
of product quality and effective communication of brands’ value, offering useful references for exploring multiple
ways to promote industrial integration under conditions of digital ecological transformation of specific industries.

Based on long‑term evaluation research of agricultural chemicals, it can be found empirically that it is neces‑
sary to separate the intensity of resource utilization. From the perspective of ecology and agrochemicals, taking
continuous application of compound fertilizer in the rotation system of field crops as an example, although the tra‑
ditional high‑input model can stabilize yield performance in a short period of time, it will result in decreased soil
microbial diversity, reduced fertility utilization rate, increased risk of non‑point source pollution, etc. Monetarily
speaking, the cost of ignoring ecological expenditure cannot sustain agricultural growth from a long‑term perspec‑
tive [17]. Research on the development trend of polymer materials shows that the development path of input inno‑
vation based on digital technology includes: smart slow‑release fertilizer, by embedding sensing elements inside
the fertilizer granules, accurately controlling the release speed of nutrients; degradable mulch film and Internet of
Things (IoT) monitoring technology working together to adjust soil water and temperature conditions. In view of
this, the joint application of newmaterials and digital technology provides material‑technical conditions for realiz‑
ing efficient and green agricultural production processes, at the same time putting forward new requirements for
technology R&D and promotion modes in the background of industrial integration [18]. From the point of view of
culture, what are the social attributes embodied in the process of using ecological agriculture technology? Through
investigation into the interactionmechanism between cultural heritage protection, community empowerment, and
sustainable development discourse construction in the practice of modern Chinese ecological agriculture, we find
that if digital technology is used alone without being connected with the knowledge system and cultural roots of
the locality, it will not produce the desired effect because of poor compatibility with the local culture, which pro‑
vides another way of thinking about why there are differences in the development of ecological agriculture from
humanistic and social science aspects [19].

The micro‑economic effect evaluation of ecological agriculture provides important evidence to test whether
the industrial linkage is feasible economically. Based on panel data analysis of rural households in central Kenya,
it was found that, compared with non‑adopters, farmers using ecological agriculture technology had significantly
higher growth rates of agricultural income during the three‑year observation period. From the perspective of the
influencing mechanism, such income growth mainly comes into play from two aspects: the price premium of agri‑
cultural products and the reduction of production costs. However, the realization of income growth has a notice‑
able time‑lag effect. Generally speaking, it usually takes about 2–3 years before the recovery of initial investment
costs can be realized, which brings certain difficulties for poverty‑stricken smallholders who are financially con‑
strained. In addition, research on how digital financial instruments solve liquidity problems still needs further
deepening [20–22].

From theperspective of industrial integration, the integrateddevelopment of the circular economyconcept and
agrotourism is a new attempt at the innovation of industrial integration models. From the perspective of planning
and design, the research on the planning and design of ecological agrotourism scenic spots points out that digital
technology has two functions: realizing the recycling utilization of agricultural wastes and optimizing tourists’ ex‑
periences. Monitoring agricultural production processes based on IoT technology, and presenting in real‑time to
visitors to enhance consumers’ cognition of ecological agriculture values; building digital reservation systems and
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tourist flowmanagement systems are conducive to coordinating tourismdevelopmentwith ecological environment
protection. The new model of industrial integration among three industries has opened up a new way to promote
the diversified development of agriculture and improve the overall benefits [23]. Based on pan‑European data, in
terms of technology acceptance, from the perspective of the differences in the adoption of ecological agriculture
practices by farms throughout Europe (EU), it shows that there are differences in the speed of dissemination of
new technologies under different agricultural conditions. After classification analysis based on cluster analysis of
large sample survey data, several types of farmswere sorted out according to their differences in acceptance of eco‑
logical agriculture technology, namely, technology‑oriented type, market‑oriented type, and policy‑oriented type.
Different types of farms have very different focuses in digital technology application: the technology‑oriented type
mainly adopts precision agriculture technology for input control; the market‑oriented type mainly uses online pro‑
motion tools; and so on. This kind of classified research provides a reference basis for developing graded digital
technology promotion policies, as well as a comparison analysis framework for exploring the diversity of industrial
integration paths [24].

3. Materials and Methods
3.1. Research Design

The research design may suggest that a progressive logic of “measurement‑testing‑verification‑comparison”
provides the key methodological structure: the significant Tapio decoupling model is applied to measure agricul‑
tural resource utilization intensity, integrating digitalized monitoring data to calculate a comprehensive resource
decoupling index. Moreover, the multi‑dimensional characteristics of digital technology applications may indicate
that a digital technology application intensity index and an eco‑agriculture industry integration degree index could
demonstrate important utility in measuring comprehensive indicators of agricultural economic growth quality.
Thus, panel data fixed effects models may show direct impact effects of digital technology on resource decoupling.
Additionally, mediation effect models might examine transmission mechanisms of industrial integration in the pro‑
cess of howdigital technology influences resource decoupling. In light of the significant empirical findings, grouped
regression methods could plausibly demonstrate that heterogeneity analysis reveals critical differentiated impact
mechanisms between developed and developing countries in digital technology application pathways (FIXED [25]).
Furthermore, this paper may suggest that the Netherlands and China provide important theoretical support as
case study subjects, systematically collecting secondary data, including digital agriculture policy documents, smart
agriculture platformoperational data, and precision farming implementation records, to analyze the significant suc‑
cessful experiences of different countries. However, findingsmay show that digital technology application practices,
industrial integrationmodel innovation, and digitalized resourcemanagement could indicate key practical support
for quantitative analysis results. Notwithstanding these results, the study may reveal evidence that supports the
integration of quantitative and case study research. Therefore, digital technology empowerment of ecological agri‑
cultural industrial integration might affect resource decoupling and economic growth quality, providing important
empirical evidence for global agricultural sustainable development.

3.2. Sample Selection and Data Sources
The sample selection for this study demonstrates that the principles of representativeness and data availabil‑

ity may well suggest a rigorous identification of 20 countries as significant empirical research subjects, covering a
time span from 2015 to 2025 and forming a total of 220 observations in a balanced panel dataset. Moreover, the
sample countries may indicate that different levels of economic development are represented: 8 developed coun‑
tries (including the Netherlands, the United States, Germany, Japan, Australia, Canada, France, and the United King‑
dom), 8 emerging economies (including China, India, Brazil, Russia, Mexico, Turkey, Indonesia, and Thailand), and
4 developing countries (including Bangladesh, Pakistan, Vietnam, and the Philippines). Furthermore, the sample
countriesmight indicate they cover different agricultural developmentmodels, including technology‑intensive agri‑
culture (The Netherlands, Japan), resource‑intensive agriculture (the United States, Australia, Canada, Brazil), and
labor‑intensive agriculture (China, India, Bangladesh, Indonesia). However, findings may show variations in digital
agricultural infrastructure development levels and smart agriculture technology application depth across countries,
which could affect the representativeness of research conclusions. Thus, evidencemay support the overall selection
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approach as methodologically sound for empirical analysis. In light of the significant empirical foundations estab‑
lished above, the research data could plausibly demonstrate that authoritative international databases provide the
critical methodological basis for this study, specifically including agricultural output and resource input data from
the Food and Agriculture Organization of the United Nations Statistical Database (FAOSTAT), covering indicators
such as total agricultural output value, grain production, water resource consumption, and fertilizer usage [26].

3.3. Variable Definition and Measurement Methods
This study may suggest that two significant core dependent variables merit careful consideration. The Re‑

source Decoupling Index (RDI) could indicate that the Tapio decoupling model provides the foundational frame‑
work, incorporating real‑time resource consumption data obtained through digital monitoring technologies, with
the specific calculation formula being RDI = (ΔRC/RC)/(ΔGDP/GDP), where RC represents resource consumption
(including water resources and energy inputs tracked through IoT sensors and satellite remote sensing systems),
and GDP represents total agricultural output value; smaller index values indicate higher degrees of decoupling.
Moreover, the Agricultural Economic Growth Quality Index (AEGQI) may suggest that two important empirical di‑
mensions prove relevant—the efficiency dimension selects labor productivity enhanced by digital automation tech‑
nologies, and the sustainability dimension covers resource utilization efficiency optimized through precision agri‑
culture applications, synthesizing a comprehensive index using equal‑weight methods with values ranging from
0 to 1, where larger values indicate higher growth quality. Given that the evidence demonstrates these depen‑
dent variables appear foundational, the significant findings could indicate that the overall model structure sup‑
ports meaningful empirical analysis. Independent variables show results affect model examination. Thus, Digital
Technology Intensity (DTI) might integrate multiple indicators, including internet penetration rate in rural areas,
precision agriculture technology adoption rate, agricultural big data platform coverage, and AI‑driven decision sup‑
port system utilization—extracting a comprehensive index using principal component analysis. In light of the key
evidence, the Eco‑Agriculture Industry IntegrationDegree (EAIID) could demonstrate that two significant empirical
dimensions—industrial correlation degree facilitated by digital value chain platforms and value chain integration
degree enabled by blockchain traceability systems—may reasonably support a comprehensive index constructed
using equal‑weight methods [27]. Furthermore, the results may suggest that the control variables selected include
the logarithmic value of GDPper capita, agricultural labor force as a proportion of total labor force, and urbanization
rate. Digital literacy links education to outcomes. Nevertheless, the resultsmay show that digital literacy, measured
by average years of education and ICT training participation, appears to affect key outcomes, with all continuous
variables undergoing standardization to eliminate dimensional effects.

3.4. Model Construction
This study constructs five progressive econometric models to systematically test research hypotheses and re‑

veal operational mechanisms of digital technology‑driven agricultural transformation. Model 1 is the baseline re‑
gression model, used to test the direct impact of digital technology applications on resource decoupling, specified
as:

𝑅𝐷𝑙𝑖𝑡 = 𝛼0 + 𝛼1𝐷𝑇𝐼𝑖𝑡 + 𝛼2𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜇𝑖 + 𝜆𝑖 + 𝜀𝑖𝑡
where i represents country, t represents year, DTI represents digital technology application intensity, Controls

represents the set of control variables, 𝜇𝑖 represents country fixed effects to control for time‑invariant country
characteristics, λₜ represents time fixed effects to control for time trends such as macroeconomic cycles, and 𝜀𝑖𝑡
represents the random error term.

Model 2 is used to test the mediation effect of industrial integration, specified as:

𝑅𝐷𝐼𝑖𝑡 = 𝛾0 + 𝛾1𝐷𝑇𝐼𝑖𝑡 + 𝛾2𝐸𝐴𝐼𝐷𝑖𝑡 + 𝛾3𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜇𝑖 + 𝜆𝑖 + 𝜀𝑖𝑡
After adding the industrial integration degree, the effect of digital technology is re‑examined; if the absolute

value of the 𝛾1 coefficient decreases and 𝛾2 is significant, the mediation role of industrial integration is confirmed.
Model 3 is used to test the impact of resource decoupling on economic growth quality, specified as:
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Both the resource decoupling index and digital technology are incorporated to identify the contribution of each
pathway. Prior to estimation of all models, Hausman tests are conducted to select between fixed effects and random
effects, and robust standard errors are employed to correct for heteroscedasticity issues, ensuring the robustness
of estimation results.

3.5. Case Study Design
This study suggests that the Netherlands and China represent significant empirical cases through which digi‑

tal technology‑supported ecological agricultural integration could indicate practical pathways for resource decou‑
pling across different developmental contexts. Moreover, the significant case selection may demonstrate that both
countries exhibit important decoupling trends in quantitative analysis, supported by substantial digital agriculture
investments. Given that the evidence supports multiple selection criteria, the findings might indicate that develop‑
mentmodel diversity provides key analytical leverage, with the Netherlands representing the technology‑intensive
approach of developed economies. However, resultsmay showChina leveragesmobile internet and e‑commerce for
agricultural modernization. Thus, data availability could ensure sufficient policy documents and statistical records
support analysis.

In light of the significantmethodological foundation established, the important case study data collection could
plausibly demonstrate that official government documents, statistical yearbooks, and academic literature provide
critical empirical grounding for the analysis [28]. Thus, evidence might indicate that decoupling pathways could
involve data‑driven resource optimization. Therefore, results may suggest that digital circular economy practices
could support implementation effects. Given that the comparative significant empirical analysis could indicate that
both common patterns and differentiated characteristics may emerge from examining the two country cases, the
important findingsmight reasonably demonstrate that practical explanations for quantitative results could thereby
advance theoretical understanding of agricultural transformation. Moreover, the evidence may suggest that digital
technology could function as both an important enabler and accelerator of sustainable agricultural development.
Nevertheless, results might show that differentiated national contexts could affect how technology adoption pro‑
ceeds. Thus, findingsmay indicate that comparative analysis could reveal key insights. Additionally, evidencemight
show this could support broader policy recommendations.

4. Results
4.1. Descriptive Statistics and Evolution of Resource Decoupling Status

Table 1may suggest that the significant empirical results of themain variables for the 20 sample countries dur‑
ing 2015–2025 could indicate that the heterogeneous landscape of digital technology‑driven agricultural transfor‑
mation demonstrates substantial variation across different development contexts. Moreover, the mean value of the
Resource Decoupling Index (RDI) of 0.643 with a standard deviation of 0.287might indicate that important dispar‑
ities in resource utilization intensity decoupling among sample countries appear to reflect their digitalization jour‑
neys. Thus, the minimum value of 0.152 may show that countries with advanced digital agriculture infrastructure
have achieved a strong decoupling status. However, findingsmight suggest that themaximumvalue of 1.245demon‑
strates that countrieswith limited digital technology penetration remain in a negative decoupling status. Given that
the mean value of Digital Technology Intensity (DTI) is 0.512 with a standard deviation of 0.198, the significant ev‑
idence could indicate that the overall level of global agricultural digitalization appears to reflect a medium‑to‑high
level, though the important results suggest that development remains uneven across countries, with key variations
in precision agriculture adoption, IoT sensor deployment, and agricultural big data analytics capabilities. Further‑
more, the mean value of Eco‑Agriculture Industry Integration Degree (EAIID) of 0.468 with a standard deviation of
0.176 may suggest that the key evidence demonstrates that the industrial integration process facilitated by digital
platforms and value chain connectivity technologies could indicate steady advancement, though significant findings
might indicate that considerable room for improvement remains. The Agricultural Economic Growth Quality Index
(AEGQI) demonstrates a mean value of 0.556 with a standard deviation of 0.142, results that could indicate that
agricultural growth quality among sample countries may well suggest generally favorable conditions, though the
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significant empirical evidence points toward important optimization through enhanced digital technology applica‑
tions and smart farming practices. Moreover, the significant correlation analysis findings may suggest that digital
technology application intensity demonstrates a notably negative correlation with the resource decoupling index
(−0.624, p < 0.001), indicating that higher digital technology application intensity—characterized by widespread
adoption of precision irrigation systems, AI‑driven pest management, and satellite monitoring—corresponds to
better resource decoupling performance. Furthermore, industrial integration degree might indicate a significantly
negative correlation with the resource decoupling index (−0.537, p < 0.001), suggesting important implications for
the promotional effect of industrial integration. However, results may show that industrial integration enabled by
digital traceability systems and e‑commerce platforms could affect resource decoupling performance [29]. Thus,
key evidencemight support findings validating these critical relationships across sample countries. Figure 1 could
indicate that the significant empirical evidence of the global resource decoupling index from 2015 to 2025 demon‑
strates that these critical developmental trajectories substantially influence observed outcomes across all country
categories. Moreover, the important findingsmay suggest that developed countries show a continuous decline from
0.72 in 2015 to 0.35 in 2025, achieving strong decoupling through comprehensive digital agriculture ecosystems
integrating cloud computing, IoT, and AI technologies. However, emerging economies may indicate a decline from
0.85 to 0.58, in a transitional phase accelerated by mobile internet penetration and digital financial services. Thus,
developing countries could show a decline from 1.12 to 0.89, remaining in a weak or negative decoupling status
due to infrastructure constraints. Nevertheless, evidence may suggest that limited digital literacy among farming
communities continues to affect outcomes. In light of the significant empirical findings, the gap among the three cat‑
egories of countries could indicate that the important diffusion effect of digital technology appears to demonstrate
a gradually narrowing trend at the global scale. Furthermore, the key evidence may suggest that this narrowing
reflects that open‑source agricultural software and international technology transfer programs substantially influ‑
ence access to sustainable farming solutions. However, results might show that cross‑border collaborations affect
outcomes. Therefore, data may indicate that digital diffusion plays a transformative role. Additionally, findings
could suggest democratizing access remains a critical objective across developing regions.

Table 1. Descriptive Statistics of Main Variables (2015–2025, N = 220).

Variable Name Mean Standard Deviation Minimum Maximum

Resource Decoupling Index (RDI) 0.643 0.287 0.152 1.245
Digital Technology Intensity (DTI) 0.512 0.198 0.125 0.896
Eco‑Agriculture Industry Integration Degree (EAIID) 0.468 0.176 0.098 0.824
Agricultural Economic Growth Quality Index (AEGQI) 0.556 0.142 0.235 0.887
GDP per Capita (logarithmic value) 9.342 1.256 6.854 11.234
Urbanization Rate (%) 58.6 18.3 24.5 91.2
Average Years of Education (years) 9.8 2.4 5.2 13.6

Figure 1. Evolutionary Trend of Global Resource Decoupling Index (2015–2025).
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4.2. Impact of Digital Technology on Resource Decoupling
Table 2may suggest that the significant empirical findings from the panel fixed‑effects regression reveal crit‑

ical causal mechanisms through which digital technology applications drive decoupling of agricultural resource
utilization intensity across multiple model specifications and temporal dimensions. Moreover, the baseline regres‑
sion in Model 1 could indicate that digital technology application intensity—encompassing internet penetration,
precision agriculture adoption, IoT sensor deployment, and AI‑based decision systems—demonstrates that a co‑
efficient of −0.289 (standard error = 0.053, p < 0.001) indicates a significantly negative impact on the resource
decoupling index, meaning that for every one‑unit increase in digital technology application intensity, the resource
decoupling index decreases by 0.289 units. Given that the key evidence supports substantial effect magnitude, the
important theoretical implicationsmight indicate that digital technologies—including precision irrigation systems,
satellite‑based crop monitoring, and data‑driven fertilizer management—may significantly influence resource al‑
location and reduce input intensity while maintaining or enhancing agricultural productivity. Furthermore, the
significant results could demonstrate that control variables appear to affect these patterns in ways that support the
key findings across multiple model specifications. Results show control variables affect patterns further. Thus, the
evidence may suggest that economic and social factors could support decoupling outcomes across the significant
temporal dimensions examined.

Table 2. Impact of Digital Technology on Resource Decoupling: Panel Fixed Effects Regression Results.

Variable Model 1: Baseline
Regression

Robustness
Test 1

Robustness
Test 2

Subsample 1
(2015–2020)

Subsample 2
(2021–2025)

Digital Technology Intensity (DTI) −0.289*** −0.301*** −0.275*** −0.264** −0.318***
(0.053) (0.056) (0.051) (0.078) (0.064)

GDP per Capita (logarithmic) −0.142** −0.138** −0.145** −0.129* −0.156**
(0.045) (0.047) (0.044) (0.062) (0.053)

Urbanization Rate −0.098* −0.102* −0.095* −0.088 −0.109*
(0.038) (0.040) (0.037) (0.054) (0.045)

Average Years of Education −0.076* −0.081* −0.072* −0.069 −0.084*
(0.032) (0.034) (0.031) (0.046) (0.038)

Agricultural Labor Force Share 0.054 0.058 0.051 0.062 0.048
(0.041) (0.043) (0.040) (0.057) (0.049)

Constant 2.156*** 2.198*** 2.134*** 2.089*** 2.245***
(0.324) (0.338) (0.318) (0.456) (0.382)

Country Fixed Effects Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes
Observations 220 220 210 120 100
R² 0.512 0.524 0.508 0.487 0.546
Adjusted R² 0.487 0.499 0.482 0.458 0.518
Hausman Test (χ²) 32.45*** 34.12*** 31.78*** 28.56*** 36.89***

Note: Robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05. Robustness Test 1: Alternative decoupling indicator measurement method; Robust‑
ness Test 2: Exclusion of extreme value samples.

Notwithstanding these broader patterns, the significant findings reveal that the coefficient of logarithmic GDP
per capita is −0.142 (p < 0.01), which may suggest that higher economic development levels provide the important
infrastructural foundation for digital agriculture adoption, thereby corresponding to better resource decoupling
effects. Furthermore, the relevant evidence could demonstrate that the coefficient of urbanization rate is −0.098
(p < 0.05), indicating that the urbanization process might indicate resource decoupling by facilitating rural‑urban
knowledge transfer and creating market demand for digitally‑enabled sustainable agricultural products. Addition‑
ally, results may show the coefficient of average years of education is −0.076 (p < 0.05), suggesting human capital
could affect resource utilization efficiency improvement [30]. Therefore, data might indicate that model fit could
support these results. In light of the key findings, the R² of the model is 0.512, with an adjusted R² of 0.487, and
the Hausman test result is significant (χ² = 32.45, p < 0.001), which may suggest that the fixed effects model could
demonstrate effective control for time‑invariant country‑specific characteristics such as agricultural resource en‑
dowments and institutional frameworks.

This study demonstrates that rolling window regression analysis may well reveal the significant empirical pat‑
terns underlying the long‑term dynamic evolutionary trajectory of the decoupling effect across the period 2015–
2025. Moreover, the relevant theoretical evidence might indicate that this stage reflects important cumulative ef‑
fects of technological maturity across key industrial domains. Therefore, data may show integration deepened
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decoupling outcomes. Additionally, results could indicate that blockchain adoption strengthened observed effects.
Given that artificial intelligence deployment has expanded significantly, findings may suggest reinforcement dy‑
namics produced stronger coefficients. This significant dynamic evolutionary trajectory may well suggest that the
promoting effect of digital technology on resource decoupling could demonstrate neither linear nor constant be‑
havior, but instead might reasonably indicate a clear trend of accelerating intensification as technological matu‑
rity improves and industrial integration deepens [31–33]. Furthermore, the important analytical evidence could
demonstrate that these key findings provide a critical dynamic basis for anticipating future decoupling potential.
Thus, evidence may show trajectory patterns carry forward‑looking implications. However, results could indicate
future dynamics remain partially uncertain. In light of the observed intensification, this study may suggest that the
analytical framework supports important projections regarding decoupling potential.

Robustness test results could indicate that the consistency and reliability of digital technology’s significant
decoupling effect may hold across different measurement approaches and sample configurations, demonstrating
that after incorporating energy consumption alongsidewater and fertilizer inputs into the decoupling indicator, the
significant empirical evidence reveals a digital technology coefficient of −0.301 (p < 0.001), which appears slightly
stronger than the critical baseline estimate. Moreover, the important findings may suggest that after excluding ex‑
treme value samples representing countries with exceptionally high or low digitalization levels, the coefficient is
−0.275 (p < 0.001), indicating that the key effect might not be driven by outliers. Furthermore, the results could
demonstrate that the coefficient for the 2015–2020 subsample is −0.264 (p < 0.01), and for the 2021–2025 subsam‑
ple it is −0.318 (p < 0.001), showing the decoupling effect may have strengthened across the observed period.

Therefore, the important findingsmight suggest thatFigure2presents two complementary analytical perspec‑
tives, where the left panel could reveal a comparative analysis of regression coefficients acrossmodel specifications
with 95% confidence intervals [34]. Notwithstanding certain analytical limitations, results may show that the right
panel depicts the temporal evolution of the digital technology effectmagnitude alongsidemodel explanatory power
from 2015 to 2025. However, evidencemight indicate the strengthening trend shows increasing precision of digital
technology’s impact on resource decoupling. Additionally, findings may suggest these results support the broader
analytical conclusions established across the observed specifications.

Figure 2. Impact of Digital Technology on Resource Decoupling: Regression Analysis and Temporal Evolution.

4.3. Mediation Effect of Industrial Integration
Table 3 may suggest that the significant empirical evidence for resource decoupling could indicate a mean‑

ingful positive influence on the critical dimensions of agricultural economic growth quality, systematically examin‑
ing how digital technology‑enabled resource efficiency gains translate intomultidimensional improvements across
overall, efficiency, and sustainability dimensions. Moreover, the baseline regression demonstrates that the resource
decoupling index has a significantly positive impact on the agricultural economic growth quality index, with a coef‑
ficient of FIXED: 0.356 (standard error = 0.068, p < 0.001), suggesting that the important results could support the
promotional effect of resource decoupling on economic growth quality. Thus, findings may show that every one‑
unit decrease in the resource decoupling index increases the economic growth quality index by FIXED: 0.356 units.
However, evidence may indicate sustainable resource management practices—enabled by digital monitoring and
optimization technologies—generate substantial economic returns rather than imposing growth constraints. Given
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that the key findings reveal complementary pathways operating through distinct channels, results could show that
digital technology enhances productivity through automation and precisionmanagement [35]. In light of the signif‑
icant empirical results, the coefficient of resource decoupling could plausibly demonstrate that all three pathways
have independent and complementary contributions to economic growth quality, with the important evidence sug‑
gesting substantial alignment acrossmechanisms. Furthermore, after simultaneously incorporating digital technol‑
ogy application intensity—encompassing IoT deployment, AI‑based decision systems, and blockchain traceability
platforms—and industrial integration degree, the significant findings may suggest that the resource decoupling
coefficient remains importantly positive at FIXED: 0.342 (p < 0.001). Therefore, results may indicate the digital
technology application intensity coefficient is FIXED: 0.234 (p < 0.001) and the industrial integration degree coef‑
ficient is FIXED: 0.187 (p < 0.01). However, results may show that resource decoupling primarily promotes eco‑
nomic growth quality by enhancing resource utilization efficiency and strengthening sustainable development ca‑
pacity [36]. Thus, digital technology could support a virtuous cycle where resource optimization might generate
both immediate productivity gains and long‑term sustainability dividends. In light of the key evidence, the signif‑
icant findings demonstrate that digital technology exhibits stronger effects on the efficiency dimension (0.256*)
compared to the sustainability dimension (0.218**), suggesting that the important contribution of digital tools to
short‑term operational performance appears to operate more directly than their relevant role in long‑term sustain‑
ability. Additionally, the results may suggest that digital technology’s contribution to sustainability might indicate
an indirect pathway through facilitating resource decoupling and industrial restructuring [37]. Nevertheless, find‑
ings could show digital tools may support both dimensions through distinct but important mechanisms.

Table 3. Mediation Effect Test Results of Industrial Integration.

Variable Step 1: Total Effect Step 2: X →M Step 3: X + M→ Y

RDI EAIID RDI
Digital Technology Intensity (DTI) −0.289*** 0.342*** −0.187**

(0.053) (0.062) (0.058)
Eco‑Agriculture Industry Integration Degree (EAIID) — — −0.298***

(0.071)
GDP per Capita (logarithmic) −0.142** 0.086* −0.116*

(0.045) (0.038) (0.047)
Urbanization Rate −0.098* 0.124** −0.061

(0.038) (0.042) (0.040)
Average Years of Education −0.076* 0.095* −0.048

(0.032) (0.035) (0.034)
Agricultural Labor Force Share 0.054 −0.067 0.034

(0.041) (0.045) (0.043)
Constant 2.156*** −0.784* 1.922***

(0.324) (0.356) (0.338)
Country Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes
Observations 220 220 220
R² 0.512 0.438 0.567
Adjusted R² 0.487 0.410 0.543

Note: Robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05. X represents the independent variable (Digital Technology Intensity), M represents
the mediator (Eco‑Agriculture Industry Integration Degree), and Y represents the dependent variable (Resource Decoupling Index).

Figure 3 provides comprehensive visualization of these findings through two complementary analytical per‑
spectives: the left panel illustrates in the form of a grouped bar chart the comparative effect sizes of digital tech‑
nology, industrial integration, and resource decoupling on economic growth quality across overall, efficiency, and
sustainability dimensions, visually presenting the contribution of the three core variables to growth quality, with re‑
source decouplingmaking the largest overall contribution (0.342), followed by digital technology (0.234), and then
industrial integration (0.187), while also revealing dimension‑specific variation patterns where resource decou‑
pling’s advantage is most pronounced in the efficiency domain (0.398) and digital technology maintains consistent
effects across dimensions; the right panel depicts the complete chain of effects “digital technology empowerment
→ industrial integration deepening→ resource decoupling realization→ growth quality enhancement” as a sequen‑
tial process diagram with annotated path coefficients, clearly illustrating how digital platform ecosystems (IoT, AI,
big data, blockchain) initiate the transformation process, which then cascades through industrial restructuring and
resource optimization to ultimately deliver multifaceted growth quality improvements (efficiency↑, productivity↑,
sustainability↑, resilience↑), revealing empirical evidence of the complete transmissionmechanism and quantifying
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the relative importance of direct versus indirect pathways, with path decomposition showing that 69.4% of digital
technology’s total effect operates through direct channels while 30.6% is mediated by resource decoupling.

Figure 3. Path Diagram of Industrial Integration Mediation Effect.

4.4. Impact of Resource Decoupling on Economic Growth Quality
Table 4presents the significant empirical regression results demonstrating that the resource decoupling index

could indicate a substantially positive impact on the agricultural economic growth quality index, with the key coef‑
ficient of 0.356 (standard error = 0.068, p < 0.001), suggesting that these critical methodological findings may well
support the promotional effect of resource decoupling on economic growth quality [38]. Moreover, the important
evidence may suggest that after incorporating digital technology application intensity and industrial integration
degree, the coefficient of resource decoupling remains significantly positive (0.342, p < 0.001), while the digital
technology application intensity coefficient is 0.234 (p < 0.001) and the industrial integration degree coefficient
is 0.187 (p < 0.01), demonstrating that all three variables provide independent contributions to economic growth
quality. Given that the significant findings reveal path decomposition results, the total effect of digital technology
on economic growth quality is 0.337, of which the direct effect is 0.234 and the indirect effect through resource
decoupling is 0.103 (i.e., −0.289 × 0.356), suggesting that indirect effects may account for 30.6%. Thus, dimension‑
specific results may indicate that resource decoupling affects the efficiency dimension (β = 0.398, p < 0.001) and
sustainability dimension (β = 0.376, p < 0.001), as shown in Figure 4.

Table 4. Regression Results of the Impact of Resource Decoupling on Economic Growth Quality.

Variable Model 1: Baseline
Regression

Model 2:
Comprehensive Model

Efficiency
Dimension

Sustainability
Dimension

Resource Decoupling Index (RDI) 0.356*** 0.342*** 0.398*** 0.376***
(0.068) (0.065) (0.072) (0.069)

Digital Technology Intensity (DTI) — 0.234*** 0.256*** 0.218**
(0.058) (0.064) (0.061)

Eco‑Agriculture Industry Integration Degree (EAIID) — 0.187** 0.165* 0.203**
(0.062) (0.068) (0.065)

GDP per Capita (logarithmic) 0.089** 0.102** 0.118** 0.095**
(0.034) (0.036) (0.040) (0.037)

Urbanization Rate 0.067* 0.078* 0.085* 0.071*
(0.029) (0.031) (0.034) (0.032)

Average Years of Education 0.054* 0.061* 0.069* 0.056
(0.025) (0.027) (0.030) (0.028)

Agricultural Labor Force Share −0.045 −0.038 −0.042 −0.035
(0.032) (0.034) (0.038) (0.035)

Constant −0.247 −0.368 −0.425 −0.312
(0.256) (0.274) (0.302) (0.285)

Country Fixed Effects Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes
Observations 220 220 220 220
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Table 4. Cont.

Variable Model 1: Baseline
Regression

Model 2:
Comprehensive Model

Efficiency
Dimension

Sustainability
Dimension

R² 0.489 0.578 0.562 0.541
Adjusted R² 0.463 0.553 0.537 0.516

Note: Robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05.

Figure 4. Comparison of Effect Sizes of Core Variables on Economic Growth Quality.

4.5. Heterogeneity Analysis and Case Studies
The heterogeneity analysis results, grouped by economic development level, may suggest that these critical

structural differences significantly influence the observed decoupling outcomes across country classifications (Ta‑
ble 5). Moreover, the significant empirical evidence could indicate that the impact coefficient of digital technology
on resource decoupling for the developed countries group is −0.358 (standard error = 0.082, p < 0.001), which
might suggest that this result appears stronger than that of the emerging economies group at −0.267 (standard
error = 0.075, p < 0.001). Furthermore, the findings could demonstrate that the developing countries group reg‑
isters −0.196 (standard error = 0.089, p < 0.05), indicating that weaker decoupling effects appear present in this
group. In light of these results, the evidencemay indicate that the Chow test result is significant (F = 9.87, p < 0.001),
confirming that differences among countries with different economic development levels appear substantial. Het‑
erogeneity stems from digital infrastructure gaps, literacy, and absorption capacity differences [39–41]. However,
the significant findings could suggest that case studies reveal that important specific pathways of different devel‑
opment models may demonstrate rich implications across these critical developmental contexts.

Table 5. Heterogeneity Analysis by Economic Development Level and Case Comparison.

Indicator Developed Countries Emerging Economies Developing Countries Between‑Group
Difference Test

Panel Regression Results
Digital Technology Coefficient (DTI→RDI) −0.358*** −0.267*** −0.196* F = 9.87***

(0.082) (0.075) (0.089)
Industrial Integration Coefficient (EAIID→RDI) −0.334*** −0.289** −0.218* F = 6.45**

(0.078) (0.083) (0.095)
Sample Size 80 88 52 220
R² 0.587 0.524 0.462
Case Studies Netherlands

(Developed)
China (Emerging
Economy)

Agricultural Output Growth (2015‑2025) +28% +18.5%
Water Resource Consumption Change −15% −3.2% (stable)
Fertilizer Use Change −20% −2.3% (zero growth)
Pesticide Use Change −18% −10.2%
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Table 5. Cont.

Indicator Developed Countries Emerging Economies Developing Countries Between‑Group
Difference Test

Decoupling Status Strong decoupling Weak to strong
decoupling transition

Key Indicator Comparison
Digital Technology Intensity Index 0.856 0.624 0.387
Sensor Network Coverage Rate 92% 65% 28%
Rural Internet Penetration Rate 98% 76% 42%
Industrial Integration Degree Index 0.782 0.598 0.356
Circular Economy Integration Rate 78% 52% 23%
Resource Decoupling Index (2025) 0.32 0.58 0.89
Economic Growth Quality Index (2025) 0.824 0.687 0.512

Note: Robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05. The Chow test is used to test between‑group coefficient differences.

The findingsmay suggest that The Netherlands, as an exemplar of technology‑intensive agriculture, achieved a
28% increase in agricultural output value from 2015 to 2025 while reducing water resource consumption by 15%
and fertilizer use by 20%, realizing a strong decoupling status. Moreover, the significant results could indicate that
its success lies in a precision agriculture technology system (sensor network coverage reaching 92%) and a circular
economy integration model (agricultural waste energy conversion rate reaching 78%). Furthermore, the evidence
may demonstrate that China represents the rapid transformation model of emerging economies, achieving zero
growth in fertilizer use (a decline of 2.3%) and a 10.2% reduction in pesticide use. Given that the key data could
indicate that it still faces challenges such as the digital divide (a 35 percentage point gap in internet penetration
rate between eastern andwestern regions), the results appear to show insufficient technological adoption capacity
among smallholder farmers. Evidence shows decoupling gaps persist across development levels. However, the
significant empirical findings could indicate thatFigure5maywell demonstrate that these critical decoupling effect
differences among countrieswith different economic development levels are clearly expressed through groupedbar
charts. Thus, the important evidence might suggest that the advantageous position of developed countries could
substantially influence targeted policy formulation. In light of the key findings, the data may demonstrate that
the gap between developing and developed countries remains relevant for empirical foundation considerations.
Notwithstanding these observed results, significant evidence could indicate that these critical disparities appear to
require coordinated policy responses. Data shows gap affects outcomes.

Figure 5. Comparison of Digital Technology Decoupling Effects Across Countries with Different Economic Develop‑
ment Levels.

These findings are further grounded in three complementary bodies of evidence. Zeng et al. (2025) [42]
demonstrated through panel threshold regression that urbanization processes exert nonlinear and spatially het‑
erogeneous effects on landscape ecological risk across Chinese cities, providing methodological precedent for the
threshold‑based grouping approach adopted in this study. Li et al. (2025) [43] revealed that place‑based institu‑
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tional arrangements and cultural governance frameworks fundamentally shape the spatial configuration and com‑
munity participation patterns of heritage‑related land use, corroborating the observed differential effectiveness of
collective ownership systems in facilitating digital technology diffusion. Kaasa and Andriani (2022) established
through multilevel regression analysis that cultural dimensions—particularly power distance—significantly con‑
dition individuals’ institutional trust and their responsiveness to governance interventions, offering theoretical
grounding for why collectivist cultural contexts exhibit markedly stronger technology adoption spillovers through
cooperative organizations than individualist farming systems.

Focusing further on differences among production actors, a scenario analysis is conducted for small‑scale farm‑
ers in China, India, and Kenya. In China, smallholder farmers have an average cultivated land area of less than 0.6
ha, and their digital technology adoption rate is only 31% of that of large‑scale farms, with the primary barriers
being the high purchase costs of smart devices and insufficient broadband infrastructure coverage. In India, small‑
holder farmers face the dual constraints of land fragmentation and low digital literacy, compounded by a lack of
access to formal credit channels, resulting in significantly lower willingness and capacity to participate in digital
industry integration. In Kenya, insecure land tenure and the absence of ecological compensation mechanisms fur‑
ther suppress smallholder farmers’ long‑term investment willingness in precision agricultural technologies. These
scenario analyses indicate that policy support targeting small‑scale producersmust advance simultaneously across
three dimensions — infrastructure development, inclusive finance supply, and institutional safeguards—to effec‑
tively dismantle the structural barriers to their participation in digital agro‑ecological industry integration.

Climate change factors are further incorporated into the analytical framework to evaluate the mechanisms
through which digital technology and industry integration enhance agricultural climate resilience. Using satellite
remote sensing data and AI prediction models, this study quantifies the frequency of extreme weather events (oc‑
currences of floods and droughts), annual mean temperature fluctuation ranges, and precipitation coefficients of
variation across sample countries during 2015–2025, introducing these as moderating variables into the regres‑
sion model. The results show that in countries and regions with higher extreme weather frequency, the promoting
effect of digital technology on resource decoupling is significantly enhanced (interaction term coefficient = 0.124,
p < 0.05), indicating that AI‑driven climate data management systems—includingmachine learning‑based extreme
weather prediction models, satellite remote sensing environmental monitoring platforms, and real‑time disaster
earlywarning systems—can effectively improve agricultural systems’ adaptive capacity to climate risks. Meanwhile,
industry integration reduces the degree of damage caused by individual climate shocks to the agricultural economy
through diversified income structures, further strengthening systemic resilience. These findings are highly con‑
sistent with relevant policy orientations and provide empirical evidence for incorporating the climate adaptation
functions of digital technology into green agricultural policy frameworks.

To deepen the analysis of institutional and cultural heterogeneity, this study draws on Kaasa and Andriani’s
research framework on the influence of cultural context on institutional trust, as well as Zeng et al.’s panel thresh‑
old regression approach concerning urbanization and landscape ecological risk. Sample countries are classified
along three dimensions—land tenure type (collective ownership vs. privatized systems), intensity of policy sup‑
port (strong intervention vs. market‑guided), and traditional agricultural cultural attributes (collectivist‑oriented
vs. individual farming‑oriented)—and grouped regression analyses are conducted. The results show that in coun‑
tries with collective ownership and strong policy intervention (such as China and Vietnam), the digital technology
decoupling effect coefficient is −0.412, significantly higher than the −0.253 observed in countries with privatized
systems and market‑guided policies (such as Brazil and India), with the inter‑group difference validated by the
Chow test (F = 7.34, p < 0.01). Under traditional collectivist agricultural cultural backgrounds, the speed of technol‑
ogy diffusion through cooperative organizations is approximately 1.8 times faster than under individual farming
models, indicating that the synergistic effect of institutional and cultural attributes is a deep structural factor de‑
termining the effectiveness of digital technology in enabling agro‑ecological industry integration, and that policy
design must be fully embedded within the local institutional and cultural context.

4.6. Empirical Analysis of Small‑Scale Producers’ Participation in Digital Agro‑Ecological Indus‑
try Integration
Based on micro‑survey data from smallholder farmers in China, India, and Kenya, this study constructs a pro‑

duction actor heterogeneity model to empirically examine the factors influencing small‑scale producers’ participa‑
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tion in digital agro‑ecological industry integration. The results indicate that cultivated land area, digital literacy
level, and credit accessibility are the three core variables constraining smallholder farmers’ adoption of precision
agricultural technologies, with regression coefficients of 0.187, 0.214, and 0.231, respectively (all significant at the
1% level). Regarding technology diffusion modes, collective procurement models organized through farmers’ co‑
operatives can reduce smallholder equipment purchase costs by approximately 34%, significantly enhancing their
willingness to adopt new technologies. Regarding financial support mechanisms, each one‑standard‑deviation in‑
crease in the accessibility of inclusive digital financial products (such as mobile‑based agricultural microcredit) is
associated with an 18.6 percentage point increase in the probability of smallholder participation in industry inte‑
gration. These findings suggest that the coordinated development of differentiated digital technology promotion
policies targeting small‑scale producers and supporting financial systems is the key pathway to achieving inclusive
development in agro‑ecological industry integration.

To further strengthen the empirical analysis of small‑scale producers’ participation in agro‑ecological indus‑
try integration, this study employs propensity score matching (PSM) to compare matched samples of smallholder
farmerswhoparticipated and did not participate in industry integration, effectively controlling for sample selection
bias. The matching results show that smallholder farmers participating in digital industry integration had average
annual agricultural income 23.4% higher than the control group (ATT = 0.234, p < 0.001), with resource utilization
efficiency improving by 17.8 percentage points.

5. Conclusion
Based on the above analysis, this paper builds a systematic analytical framework, sorts out the cause‑and‑effect

mechanismof “digital technologyempowerment–industrial integrationdeepening–resourcedecoupling implementation–
growth quality promotion,” and takes the panel data of 20 countries worldwide from 2015 to 2025 as samples.
Through the Tapio decouplingmodel, panel regression analysis, mediation effect test, and complementary research
methods, it deeply explores how digital technology supports ecological agriculture industry integration to promote
the realization of resource decoupling and the improvement of economic growth quality. Themain conclusions are
obtained as follows.

First, digital technology application can obviously promote the intensity decoupling of agricultural resources,
and its regression coefficient is −0.289 (p < 0.001). The effects are quite different among different categories of
digital technologies, where the precision agriculture technology (IoT sensor, GPS guidance equipment, Variable
Rate Application system) shows the highest level of decoupling effects, then come intelligent irrigation technology
(smart drip irrigation system, soil moisture monitor), while big date decision platform, and block chain traceability
systemhave relatively lower but still significant levels of effects. Such a hierarchy effect implies that technologies for
direct resource‑saving could bring about immediate benefits in promoting decoupling comparedwith technologies
mainly serving as means for information disclosure and market coordination.

Secondly, ecological agro‑industrial integration plays an important mediating effect on the process of how dig‑
ital technology impacts resource decoupling, with the mediating effect taking up 35.3% of the total effect. The
specific mechanism is mainly reflected in three aspects: (1) extension of the value chain: digital platform promotes
the vertical connection from the links of production, processing, distribution, marketing, etc., forming economies of
scale and justifying the cost of purchasing resource‑saving equipment; (2) improvement of the efficiency of resource
allocation: cross‑sectoral big data can match the supply and demand of agricultural products accurately, avoiding
waste of resources caused by over‑production or shortage; (3) technology spillover effect: under the background
of digitalization development, the speed of building the knowledge sharing network has been greatly increased,
making it possible to spread the knowledge of how to manage natural resources in a green way among enterprises
throughout the industry chain. Our study further enriches the theoretical research about the positive side effects
of promoting industrial integration in terms of environmental protection issues, showing that the reorganization
of organizations promoted by new digital facilities is another key but overlooked path toward sustainable develop‑
ment.

Thirdly, resource decoupling has a significant promotion effect on the high‑quality development level of agri‑
culture, which is 0.342 (p < 0.001). From the perspective of dimension decomposition, this influence mainly exists
in the efficiency dimension (β = 0.398, p < 0.001): the reduction of input intensity improves labour productivity
and capital efficiency by reasonably configuring resources; the influence also exists in the sustainability dimension
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(β = 0.376, p < 0.001), that is, reducing environmental externality can improve ecological resistance capacity, de‑
crease the long‑term vulnerability faced with resource shortage and climate change. The above conclusions show
that there is an internal consistency rather than an opposition relationship between green development and high‑
quality development from the empirical data, and at the same time, they refute the widespread misunderstanding
that promoting the former will inevitably limit the latter’s room for development. In contrast, the result shows that
under the condition of digitalization, improving resource utilization efficiency forms a virtuous circulation where
short‑run benefits from increasing output and long‑term benefits from ensuring sustainable development jointly
promote each other.

Fourthly, the decoupling effect of digital technology shows obvious differences in the level of economic devel‑
opment: The developed countries have a significantly larger effect (−0.358) than emerging economies (−0.267)
and developing countries (−0.196), which is statistically significant according to the Chow test (F = 9.87, p < 0.001).
Such a difference mainly stems from different levels in three fundamental determinants: (1) maturity of digital
infrastructure, measured by the proportion of population covered by broadband Internet access service, number
of 5G base stations per unit area, and IoT platform connection rate of different modes of transport; (2) amount of
human capital, such as the share of digitally skilled labor force in agriculture value‑added and absorptive capacity
of new technologies among farmers’ organizations; and (3) complementarity of institutions, including IPR protec‑
tion intensity, data management rules, and public–private partnership in science parks. Our results provide useful
lessons for global development strategy on how to narrow down the gap of digital divide worldwide: simply in‑
vesting money into infrastructure construction cannot solve problems fundamentally, but also requires concurrent
attention on improving people’s skills and strengthening the construction of governance systems.

Policy Recommendations

In light of the above research results, this article proposes specific policy recommendations from the perspec‑
tives of the following four strategies: strategic planning, investment priorities, institutional reform, and market
mechanisms.

From the perspective of strategy, it is necessary to promote agricultural digitization and ecological industrial
integration into the country’s strategy, formulate a complete development blueprint and phased goals. In terms of
specific goals, developed countries need to achieve an overall digital transition of agriculture around 2030, realize
thewidespread application of precision technology and the connectionof all‑agriculture big data systems; emerging
markets need to achieve basic digital coverage before 2035, mainly solve rural broadband access problems, and
train farmers’ digital skills; developing countries need to basically complete basic facility construction before 2040,
focusingonpublicwelfare investment such asnetworks and sensors. At the same time,wemust continue to improve
international cooperationmechanisms, including South‑South technology transfer actions, multilateral agricultural
data sharing agreements, joint research and development plans, etc., so that the results of digital innovation can be
fairly disseminated worldwide.

From the perspective of investment scale, increasing investment in agricultural digital infrastructure is the
basis for transformation. Governments need to increase the proportion of funds invested in agricultural informa‑
tization to 3–5% of agricultural GDP, forming special budgets around three aspects: universal rural broadband
construction—covering all villages and meeting basic connection needs; targeted construction of new generation
base stations in agricultural production areas—real‑time transmission, serving precise scenarios; widespread dis‑
tribution of Internet of Things perception devices—giving subsidies to small farmers who purchase them for the
first time. Establishing mechanisms to stimulate the enthusiasm of farmers to use new technologies, such as pro‑
viding 50% subsidy ratios for the initial purchase fee by farmers themselves, step‑by‑step support within 3–5 years,
etc., can effectively promote the popularization rate of precision agriculture equipment. The government should ac‑
tively guide social capital participation by innovatively introducing the PPP model, sharing risks with enterprises,
giving preferential treatment in tax policies, simplifying approval procedures, and so on, attracting more private
investment into the digital transformation project of agriculture.

Institutions require overall reform of the policy system to build good ecological environments for the digital
transformation of agriculture, mainly involving: (1) further deepening the reform of the rural land ownership sys‑
tem and circulation system, so that land can flow into medium‑sized farms. Because, according to previous experi‑
ence, digital technology can achieve better benefits under concentrated land. (2) Improving the agricultural science
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and technology innovation system: increase government investment in research and development (R&D) to 2–3%
of the value added of the agricultural sector; establish a regular mechanism for communication among enterprises,
universities, and research institutions to promote results transfer from lab to farmland. (3) Establishing a sound
supervision and assessment mechanism for resources and environment in agriculture—compulsory participation
in total amount control of water intake; compulsory participation in initiatives to reduce fertilizer and pesticides;
regular green evaluations linked to subsidy payments. (4) Setting up a framework for governing digital data: find
a balance between protecting farmers’ privacy and sharing data for system‑level optimization, clearly define rules
on who owns the data, how they could be used, and howmuch benefit each party should gain, etc.

At the market level, reasonably design economic incentive mechanisms so that market forces serve as a means
to promote green transformation, mainly in terms of: establishing and improving subsidy policies for green agricul‑
ture based on compensation for ecological benefits provided by green agricultural products (such as subsidies on
input costs for organic food production, subsidies on circulation costs for green and pollution‑free food, etc.), devel‑
opingmarkets for agricultural carbon trade by issuing tradable certificates according to verified amounts of carbon
sequestered and reduced emissions from agricultural sources, building a complete system of origin traceability of
agricultural products using blockchain technology to achieve information sharing throughout the industrial chain
so that producers of green agricultural products can obtain reasonable price discounts according to their actual
level of greenness; cultivating new types of agricultural operating entities such as farmers’ cooperatives, agricul‑
tural companies, family farms, etc.; strengthening organizational training of these emerging entities in order to
improve their ability to bargain with other market players and avoid being exploited by middlemen.

Regarding the participation pathways of small‑scale producers in agro‑ecological industry integration, the sam‑
ple data from this study show that smallholder farmers account for more than 70% of the agricultural labor force
in developing countries, yet their digital technology adoption rate is only approximately 28% of that of large‑scale
farms, indicating that small‑scale producers face significant participation barriers. The underlying causes are pri‑
marily reflected in three aspects: first, initial capital constraints limit their ability to purchase precision agricultural
equipment; second, insufficient digital literacy undermines their capacity to effectively utilize smart agricultural
platforms; and third, weak market bargaining power makes it difficult for them to obtain reasonable returns from
the value chain appreciation generated by industry integration. Therefore, future policy design should focus on
promoting farmers’ cooperatives as the organizational vehicle for small‑scale producers’ participation in industry
integration, complemented by dedicated digital skills trainingmechanisms and inclusive financial support systems,
thereby ensuring that the inclusive development objectives of agro‑ecological industry integration are realized.
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