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In the agricultural sector, innovation relies heav-
ily on  technological advancements and the infusion 
of innovative capital. For example, the DrumNet mod-
el in Kenya (Okello et al. 2010) and the ITC e-Choupal 
model in India, described on the World Bank's Case 
Studies website (https://www.wbcsd.org/resources/
itcs-farmer-empowerment-program-india/), have of-
fered effective technological and financial support 
to agricultural enterprises through the establishment 
of  electronic trading platforms and business net-
work support centres. In  such cases, the integration 

of  science, technology, and finance (STF) has gone 
through three stages or levels: an initial stage, a middle 
level, and a high level. The initial path mainly involves 
the mutual screening and benefit sharing of entrepre-
neurs (Laeven et al. 2015), which has contingency and 
directness. The middle level is reached when technol-
ogy capital flows into the financial market to promote 
enterprise innovation activities (Hsu et  al.  2014). 
In  this process, the financial system gradually be-
comes an  innovation centre to  overcome financing 
difficulties in the technology commercialisation stage. 
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The high level is marked by the complete integration 
of STF, which is present in the high-performance in-
novation digital network where knowledge variables 
and financial resources are interdependent (Pur-
chase et al. 2014). In some developing countries, like 
China, the government has implemented specific 
policies aimed at accelerating the transition from the 
middle level to the high level, to facilitate innovation 
including agriculture. 

Previous studies on  the empowerment of  agricul-
tural enterprises through technology finance primar-
ily concentrated on  digital technology empowerment 
within the industrial economic paradigm of  the ini-
tial two stages (Andriushchenko et  al.  2019; Possner 
et  al.  2022). While some research addressed specific 
issues, such as  the urban-rural digital divide and the 
maintenance and upgrading of digital platforms (Ma-
panje et al. 2023), these earlier studies generally over-
looked how the institutional reconstruction driven 
by  the digital economy fosters innovation. Recently, 
an increasing number of studies have emphasised the 
importance of digital institutional empowerment (Say-
fetdinov and Sayfetdinova 2021; Johnson 2024), con-
ceptualising digitalisation as  a  process that reshapes 
operational frameworks (Fielke et al. 2020). This paper 
adopts these perspectives and pioneers an exploration 
from the standpoint of technology finance institutional 
design tailored to the digital economy.

Within this STF framework, agricultural-related list-
ed enterprises (ARLEs), as large, publicly traded firms 
controlling critical midstream and downstream value-
chain segments, are pivotal targets for institutional in-
novation policies (Ambler et al. 2023; Johnson 2024). 
ARLEs, being organisations adapted from ancient agri-
cultural civilisation and yet functioning in the modern 
securities market, play a  core role in  driving agricul-
tural science and technology innovation in  China. 
This article focuses on  the quasi-natural experiment 
of implementing the 'Science, Technology and Finance 
Combination Pilot Policy' launched by China in 2011. 
It empirically tests whether the STF policy has played 
a significant role in the innovation level of ARLEs, fo-
cusing in particular on issues of digital transformation. 
The studies mentioned previously suggest that a firm's 
capital strength, development stage, size, and regional 
location are all likely to affect the STF policy's effects 
(Ardito et al. 2021; Li et al. 2022; Feng et al. 2023; Kang 
et al. 2023). Nevertheless, there is a shortage of target-
ed research with Chinese ARLEs as the main subjects. 
Our research aims at studying the STF policy's effects 
on ARLEs through the lens of digital transformation. 

We take Chinese ARLEs as an example while acknowl-
edging their similarities and differences compared 
to ARLEs in other emerging economies. 

Research objectives
This paper has two research objectives:
i) Analyse the impact of the establishment of the STF 

policy on the overall innovation level of ARLEs in China, 
within China's STF demonstration zones.

ii)  Describe the causal mechanisms through which 
STF elevates the innovation level of ARLEs by focusing 
on the pivotal factor of enhanced digitalisation.

The key contributions of  this study are as  follows: 
(i)  The analysis delves into the policy ramifications 
of  STF integration levels on  agribusiness innovation 
endeavours, thereby expanding the horizons of meso-
level research and augmenting the existing corpus 
of  knowledge on  technology finance in  the digital 
economy. (ii) We posit that the augmentation of digi-
talisation levels is a pivotal moderating factor in nur-
turing innovation among ARLEs. In  doing so, we  fill 
a gap in the current literature and use methodological 
rigour to ensure a more nuanced understanding of the 
phenomenon. Our study also supplements existing 
research on  the digital economy. (iii)  We introduce 
an  evolutionary game model anchored in  the digi-
tal context to dissect the functional dynamics of STF 
demonstration zones, offering valuable insights for de-
signing technology-based financial systems compatible 
with the digital economy. By scrutinising the operation-
al mechanics of STF platforms, this analysis enhances 
the scientific basis for STF policies aimed at boosting 
agricultural innovation, providing a roadmap for future 
interventions and policy-design strategies. 

Literature review and hypothesis development
Literature review. Many scholars argue that STF 

policies enhance agricultural enterprises' innovation 
capacity by improving financial resource accumulation, 
allocation, and utilisation. Researchers have identified 
a number of reasons for this improvement. First, at the 
macro level, the policy spurs the involvement of multi-
ple stakeholders, achieving extensive resource synergy 
and strengthening the financial connection of various 
entities (Cristobal-Fransi et al. 2020). By enhancing the 
infrastructure for STF services (Ashmore et al. 2017), 
firms stabilise and increase financing channels, which 
positively impacts agricultural production, technical 
efficiency (Afrin et  al.  2017), and innovation invest-
ment. When information is aggregated from heteroge-
neous channels to interlink multiple entities, the fusion 
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of the demand and supply termini can be effectively in-
stigated. Second, at  the meso level, the STF platform 
bolsters the interaction frequency among stakeholders, 
leading to an integrated symbiosis within the financial 
ecosystem and propelling the process of value co-crea-
tion. The extensive adoption of digital technologies via 
the STF platform can likewise promote the advance-
ment of the innovation factor market, reducing factor-
price distortion and factor mismatch (Hong et al. 2024) 
when it comes to innovation. Third, at the micro level, 
the STF platform promotes the sharing of  innovation 
factors such as data, technology, talent, and manufac-
turing. In this way, the platform can reduce transaction 
costs (He et  al.  2024), information costs, and agency 
costs (Guo et  al.  2022) in  the financing process for 
agribusiness firms. Meanwhile, a  risk compensation 
mechanism (Gai and Feng 2019) further lowers credit 
risks, easing constraints and fostering agribusiness in-
novation networks.

However, the integration of  STF also creates a  're-
verse siphon effect'. In other words, when STF policies 
are promoted in  this context, the successful transfor-
mation of agriculture-related enterprises requires con-
tinuous absorptive capacity building. STF platforms 
fundamentally transform the organisational modes and 
business models of  enterprises through digital tech-
nology, requiring agriculture-related firms to  engage 
in  collaborative innovation and obtain guarantee ca-
pabilities (Lee 2018). In turn, this process exacerbates 
information overload, causing information-processing 
bottlenecks. Only by enhancing the ability to  identify 
and search for information, obtain guarantees, and 
manage risks (Possner et al. 2022) can the STF policy 
truly broaden the channels for agricultural innovation 
funding and effectively promote financing efficiency 
(Zakaria et al. 2019; Niemand et al. 2021). Thus, in or-
der to achieve these capabilities, ARLEs need to invest 
a  large amount of  capital. This substantial imbalance 
may either reduce the R&D funds of agribusiness firms 
(Shi 2023) or create a tacit agreement to maintain the 
status quo and refrain from actively engaging in inno-
vative activities due to collective self-interest.

These considerations lead to our first research ques-
tion: Do the policies established in China's STF demon-
stration zone enhance the innovation level of ARLEs? 

Since the 21st century, the relationship between in-
stitutions and technology has been reconceptualised 
as  a  dynamic, co-evolutionary process (Ruttan 1989; 
Dorward 2005), characterised by  dialectical interac-
tion. Specifically, institutions function both as  con-
straining frameworks and enabling mechanisms for 

technological progress. Simultaneously, technological 
innovation drives institutional change by  reshaping 
price signals and reducing transaction costs. According 
to economic growth theory, institutional arrangements 
such as  STF polices are the root causes of  enterpris-
es' growth, while the efficacy of their implementation 
hinges on technological transformation. 

Agriculture exemplifies this institution-technology 
co-evolution: STF policies (as  institutional arrange-
ments) enable digital adoption, while ARLEs' digital 
transformation conversely drives institutional innova-
tion (e.g. data-governance reforms). The digital trans-
formation of ARLEs has unfolded as a gradual process, 
starting with technology adoption, then advancing 
to resource optimisation, and ultimately reaching sys-
tem coordination. This process has been driven by the 
continuous development of digital infrastructure. 

In the initial stage of  the technological founda-
tion, cloud computing and big data have strengthened 
the fintech infrastructure (Ashmore et  al.  2017) and 
achieved basic efficiency improvements. This is consist-
ent with the concept of 'programmability' being an early 
feature of fintech, as proposed by Fichman et al. (2014). 

Next, in the intermediate stage of resource integration, 
digital platforms (Nambisan et al. 2017) have facilitated 
cross-actor innovation flows and enhanced the accessi-
bility of financial products (Fang and Zhang 2021). 

Finally, in  the mature stage of ecosystem coordina-
tion, advanced digital features such as  'data homog-
enisation' have driven system innovation, and fintech 
policies have utilised platform-based governance 
to  optimise resource allocation while also exposing 
social-technical challenges such as data fragmentation 
and skill gaps (Klerkx and Rose 2020). 

Numerous studies have verified that digital transfor-
mation is the core impetus for driving technological in-
novation (Schulz and Börner 2023). Digitalisation is the 
introduction of  digital technological innovation into 
the organisational, industrial, and social systems of ex-
isting listed agricultural enterprises, in a way that alters 
the operation mode of these systems (Fielke et al. 2020). 
Accordingly, the digitalisation of  ARLEs can not only 
promote the positive effects of  the STF platform but 
also alleviate its negative impacts (Hariry and Reza 
2023). Through information-sharing and knowledge-
integration effects, digitalisation in  ARLEs primarily 
promotes the elevation of  enterprise innovation level 
in three stages. First, during the input stage, digitalisa-
tion helps to identify service requirements and explore 
latent demands, corresponding to  the driving factors 
of  value co-creation (Pirola et  al.  2020). Then, during 
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the process stage, digitalisation helps firms develop ser-
vice plans through the flow of resources and increases 
technological interactions among entities, furthering 
value co-creation (Chaudhary and Suri 2022). Lastly, 
during the output stage, digitalisation can help firms 
deliver new products and services to meet the value re-
quirements of each entity. 

However, the precise role of  digitalisation remains 
an  enigma, particularly in  relation to  revenue and 
costs. This issue leads to  our second research ques-
tion: Does the increase in the digitalisation level of AR-
LEs provide the preconditions to establish innovation 
networks by integrating STF policies? In other words, 
does this increase function as a moderating variable?

Hypothesis development. In  the long run, digital 
transformation and patent innovation in  ARLEs are 
mutually reinforcing. In the terms provided by institu-
tional entrepreneurship theory (Battilana et  al.  2009), 
ARLEs' digitalisation reconfigures institutional frame-
works to  exploit STF policies. Complementarily, sys-
tems of  innovation theory (Edquist 1997) positions 
digital platforms as  engines for value co-creation, 
by translating STF support into multi-stage innovation 
(Pirola et al. 2020). In the stage-based model of Markard 
et al. (2016), 'technological legitimacy' denotes the align-
ment between technological paradigms and institutional 
environments, with its absence indicating institutional 
misalignment. Science-and-technology-based financial 
policies (as  institutional factors) significantly enhance 
the innovation capabilities of  ARLEs (as  technological 
actors) by ensuring cognitive, normative, and regulatory 
legitimacy. Meanwhile, digitalisation further resolves re-
source conflicts via dynamic capabilities (Teece 2007). 

We thus propose the following two hypotheses:
H1: STF demonstration zones increase patent inno-

vation in ARLEs, with heterogeneous effects across dif-
ferent firm sizes and regions.

H2: Digitalisation capabilities strengthen (moderate) 
the effectiveness of  STF policy in  increasing ARLEs' 
level of innovation.

MATERIAL AND METHODS

Data source. This study is based on the 2012 industry 
classification standards of the China Securities Regula-
tory Commission. We  selected ARLEs in  the Shang-
hai and Shenzhen stock markets in China as samples, 
studying 369  enterprises from 2007 to  2022. Patent 
data, given its standardisation, accessibility, and close 
association with innovation and objective comparabil-
ity, emerged as  a  crucial indicator for gauging firms' 

level of innovation (Lanjouw and Schankerman 2004). 
Therefore, we derived the relevant financial indicators 
from the patent data of ARLEs included in the China 
Agricultural Research Database maintained by Zheji-
ang University's Carter Enterprise Research Institute. 
Data were also obtained through queries in  the CS-
MAR database. For our analysis, we deleted enterprises 
under special treatment (ST) or particular transfer (PT) 
as well as ARLEs that belong to the financial industry. 

The China Agricultural Research Database is found-
ed on the entire business registration data of China and 
strictly complies with the standards provided in  the 
Chinese National Bureau of Statistics' 'Statistical Clas-
sification of  Agriculture and Related Industries' from 
2020. The  database encompasses agricultural-related 
enterprises falling into 10  major categories, 61  mid-
level categories, and 215 minor categories. All agricul-
tural-related enterprises in  243  'complete industries' 
are incorporated. In  addition, relevant enterprises 
in 159 enterprises related to not fully agricultural-relat-
ed industries are precisely screened through industry 
codes plus business scope keywords, which well repre-
sents the population of agricultural enterprises in Chi-
na. In short, the database not only guarantees coverage 
breadth but also ensures data accuracy.  

The control variables were available in CSMAR data-
base. To accurately reflect the innovative capacity of AR-
LEs, we exclusively extracted the number of applications 
for invention patents and utility model patents, aggre-
gated them, and employed their logarithm to analyse the 
explanatory variables presented in  this paper. If  there 
were missing values, the data for the year in  question 
were automatically deleted. The  data span is  15  years, 
covering 25 provinces, with a total of 1 698 data points 
drawn from the provincial panel data. 

The research utilised Python crawler techniques 
on  the annual reports of  ARLEs from 2007 to  2022. 
We  measured the presence and the degree of  digi-
tal transformation within the ARLEs through textual 
analysis. The digitalisation transformation level of AR-
LEs was assessed by  the objective and comparable 
number of  ARLEs using digital technologies (includ-
ing blockchain technology, cloud computing technol-
ogy, AI technology, and big data technology) from 2007 
to 2022 in the CSMAR database. In keeping with the 
method proposed by Wu et al. (2021), Python requests 
and Selenium tools were used to  capture the annual 
report text of  Juchao Net, and a  digital transforma-
tion index was constructed using pre-defined digital 
technology keyword libraries (such as  'artificial intel-
ligence', 'blockchain' etc.). The statistical analysis of the 
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digitisation level of Chinese ARLEs from 2007 to 2022 
is presented in Table 1. 

Baseline modelling and moderation-effect model. 
This study categorised provinces based on the presence 
of a STF pilot area where ARLEs are located, taking into 
account that Hong Kong, Macao, and Taiwan lack cor-
responding data. The analysis included provinces from 
the pilot zones as the control group, and the remaining 
provinces constituted the experimental group. A  total 
of 65 535 provincial-level observations were collected. 
Using the MTDID (multiple time periods difference-in-
differences) method, we identified the causal disposal ef-
fect of the STF policy on innovation activities of regional 
ARLEs. This approach can better solve the endogenous 
issue. Equation (1) is the established benchmark model.

. 0 1 . . 2 . .i t i t i t i t i i i tlpatent treat post control= α + β × + β + λ + µ + ε 
               . 0 1 . . 2 . .i t i t i t i t i i i tlpatent treat post control= α + β × + β + λ + µ + ε 	

(1)

where: α0 – baseline constant intercept; β1 – treatment 
effect DID estimator; β2 – control variables coefficient; 
λi – year fixed effects; μi – province fixed effects; εi.t – the 
residual term

The innovation level of ARLEs is influenced not only 
by  STF policies, but also by  the firms' own situation. 
In the spirit of comprehensive consideration, we combed 
through the relevant literature (Ardito et  al.  2021; 
Li et  al.  2022; Feng et  al.  2023; Kang et  al.  2023) and 

screened out six indicators as control variables: gearing 
ratio, return on total assets (ROA), enterprise size, oper-
ating cost ratio, shareholding ratio of the top ten share-
holders and tobinq. Controlling ROA and leverage ratio 
can avoid omitted variable bias and ensure the reliability 
of estimation results. As noted by Mugera and Nyam-
bane (2015) and Chladkova and Formankova (2016), 
ROA reflects the overall profitability of the enterprise's 
assets and is a key constraint for agricultural enterprise 
innovation. High-ROA enterprises are more likely to in-
vest in innovation, while high leverage in low-ROA en-
terprises may reflect financial difficulties. The leverage 
ratio reflects the capital structure and directly affects fi-
nancing capacity and innovation behaviour. The defini-
tions of the main control variables are shown in Table 2.

The moderating effect examined how a third variable 
changes the relationship between two primary variables. 
The moderating effect is quantified using the following 
statistical model:

. 0 1 . 2 . . 3 . .( )_i t i t i t i t i t i tlpatent did did digdig= β + β + β + β + ε	  
               

. 0 1 . 2 . . 3 . .( )_i t i t i t i t i t i tlpatent did did digdig= β + β + β + β + ε 	
(2) 

where: .i tlpatent  – the dependent variable; .i tdid – the 
independent variable; .i tdig – the moderator variable;

. ._i t i tdigdid – the interaction term reflecting modera-
tion; 0β , 1β , 2β and 3β  – regression coefficients; εi.t – the 
residual term.

Table 1. Statistical analysis of digitalisation level of agricultural-related listed enterprises in China from 2007 to 2022

Year Observation Average SD  Minimum Maximum
2007 137 0.372 262 8 1.475 323 0 12
2008 141 0.503 546 1 2.183 130 0 18
2009 152 0.500 000 0 2.222 700 0 20
2010 181 0.580 110 5 2.573 463 0 26
2011 197 0.847 715 7 2.776 938 0 20
2012 210 1.057 143 3.329 809 0 31
2013 214 1.738 318 4.960 570 0 40
2014 223 3.412 556 8.714 709 0 68
2015 240 5.216 667 10.813 89 0 95
2016 258 5.891 473 13.106 41 0 137
2017 284 6.577 465 13.959 22 0 116
2018 289 6.885 813 13.910 08 0 119
2019 300 7.620 000 16.436 02 0 174
2020 334 7.589 820 14.908 01 0 142
2021 353 6.617 564 12.644 1 0 142
2022 369 9.139 344 21.046 58 0 227

Source: Developed by authors based on web crawler technology (Wu et al. 2021; Zhai et al. 2022)
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This formula assesses whether the impact of  .i tdid  on 
.i tlpatent  changes with .i tdig .

An evolutionary game model. In  analysing how 
digitalisation affect ARLEs' level of  innovation, the 
evolutionary game model can facilitate a  deeper ex-
amination of  the empirical model based on  our case 
studies. On the STF platform, the probability of con-
tinuous cooperation between listed agricultural enter-
prise A  and financial intermediary B under debt and 
credit pressure is x and y, respectively. Assuming both 
parties insist on  continuous cooperation, the com-
mon income is R, and the proportion of  the ARLE is
θ , then the proportion of  proceeds received by  fi-
nancial intermediaries is  1 − θ . Due to  the financing 
paradox, if  one party breaches the contract midway, 
the potential return of  the morally hazardous party 
is articulated as Va and Vb respectively. The fixed costs 
associated with the operation of  the STF platform 
are borne by A and B, specifically Fa and Fb. The vari-
able costs of  continuous cooperation by  A  and B are 
i and c respectively, and ( ), , 1R i c R i R c> +  θ >  − θ > . 
The government gives precise subsidies (Tang 
et  al.  2024) to  the two parties for adhering to  coop-
eration and innovation through the STF platform, 

with the subsidy amount of  Ga and Gb respectively. 
To account for a midway default, the platform uses the 
bad debt reserve withdrawn by midway default coop-
eration as  a  special fund for risk compensation, giv-
ing this to  the party that insists on cooperation, with 
the amount recorded as M. So, the operation mecha-
nism of  the digital platform of STF can be expressed 
as shown in Table 3.

According to the theory of the evolutionary game, 
if the expected return of an ARLE choosing the strat-
egy of  'continuous cooperation' is  denoted as  acU , 
then

( ) ( )( )1ac a a aU y R G F i y F i M= θ + − − + − − − + 	 (3) 

If the expected return of  a  listed agribusiness firm 
choosing the 'mid-default' strategy is denoted as auU , 
then 

( ) ( )( )1au a a aU y V F M y F= − − + − − 	 (4)

The average expected returns of the ARLE are: 

( )1a ac auU xU x U= + − 	 (5) 

Table 2. Definitions and descriptive statistics of major variables 

Variable Measurement Mean SD Min. Max.
patent practical new and invention patent number of 369 ARLE 10.92 21.88 1 256
lev total assets/total liability 0.376 0.184 0.011 0 1.073
ROA net profit/total assets 0.055 0.078 0 –1.387 0.469
size1 ln (total market value of individual stocks) 15.87 1.194 13.30 21.67
cost operating cost ratio /business incomes 0.651 0.214 0.071 0 1.376
top10 shareholding ratio of the top ten shareholders of 369 ARLE 60.05 15.23 20.30 95.84
tobinq enterprise market price (stock price)/enterprise's reset cost 2.255 1.696 0.830 22.32

cost – operating cost; lev – leverage; ROA– return on total assets; size1 – enterprise size; tobinq – Tobin's Q; top10 – top 
ten shareholders' shareholding ratio; ARLE – agriculture related enterprises
Source: Calculated by authors

Table 3. Cooperative game model between agricultural-related listed enterprises (ARLEs) and financial institutions 
in the technology finance demonstration zone

B
Continuous cooperation (y) Mid way breach of contract (1 – y)

A
Continuous cooperation (x) ( a aR G F iθ + − − , ( )1 b bR G F c− θ + − − ) ( ,a b bF i M V F M− − + − − )

Mid way breach of contract (1 – x) ( ,a a bV F M c F M− − − − + ) ( ,a bF F− − )

Source: Authors' own elaboration
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The replication dynamic equation for the ARLE is:

( ) ( ) ( ) ( ) ( )1 1ac a ac ac au a aS x x U U x U xU x U x x y R V M i = − = − − − = − θ + − + −      
        ( ) ( ) ( ) ( ) ( )1 1ac a ac ac au a aS x x U U x U xU x U x x y R V M i = − = − − − = − θ + − + −      
        

	
(6) 

Similarly, if  the expected return to a financial insti-
tution choosing the 'continuous cooperation' strategy 
is characterised as bcU , then

( ) ( )( )1 1bc a a bU x R G F c x F c M = − θ + − − + − − − +  
       ( ) ( )( )1 1bc a a bU x R G F c x F c M = − θ + − − + − − − + 

 	
(7) 

If the expected return to  a  financial institution 
choosing a  'mid-default' strategy is  characterised as 

buU , then 

( )( )) 1bu b b bU x V F M x F = − − + − −   	 (8)

The average expected return for a financial institu-
tion is: ( )1b bc buU yU y U= + − . Thus, the equation for 
the replication dynamics of financial institutions is

( ) ( ) ( ) ( ) ( )1 1 1 ]bc b bc bc bu a aS y y U U y U yU y U y y x R G V M c= − = − − − = − − θ + − + −      	          	
        ( ) ( ) ( ) ( ) ( )1 1 1 ]bc b bc bc bu a aS y y U U y U yU y U y y x R G V M c= − = − − − = − − θ + − + −       	 (9)            
        

The evolutionary stability strategy (ESS) must meet 
the following two conditions at  the same time: rep-
licating the dynamic equations ( ) ( )0, 0s x s y=  = , 

and having the first-order derivative ( ) ( )0, 0s x s y<  < .
In addition, for this evolutionary game model, there 

are five local equilibria. According to Lyapunov sta-
bility theory (Table  4), an  equilibrium point is  ESS 
if and only if all the eigenvalues of the Jacobian matrix 
are negative. By  contrast, if  at  least one eigenvalue 
is always positive, the equilibrium point is unstable.

Recent advancements in  agricultural finance 
research have increasingly focused on  integrating 
digitalisation and innovation through sophisticated 
methodologies, such as randomised controlled trials 
(RCTs) (Omotilewa et al. 2019; Nakano and Magezi 
2020), simultaneous equation systems (SES) (Ouat-
tara et al. 2020), and fully observed recursive mixed-
process models (CMP) (Porgo et al. 2018). Our study 
makes a  novel contribution by  employing a  quasi-
natural experiment (DID) integrated with evolution-
ary game theory to examine the intersection of STF 
policies, digital transformation, and agricultural 
innovation. This approach addresses causal identi-
fication and dynamic stakeholder interactions more 
comprehensively than prior single-method designs. 
Unlike Abate et  al.  (2016), who utilised propensity 
score matching (PSM) to evaluate institutional credit 
designs, or Andriushchenko et al. (2019), whose case 
studies explored digital banking in Ukraine, our dual-
method framework captures both immediate policy 
effects and long-term behavioural adaptations among 
farmers, financial institutions, and policymakers 
while controlling for endogeneity via the DID design.

Table 4. The eigenvalues of the Jacobian matrix corresponding to the equilibrium points

Balance 
point Eigenvalue 1 Eigenvalue 2 Stability Stable conditions

E1(0,0) M i− M c− progressive 
ESS

< 0M i−
< 0M c−

E2(0,1) a aR G V M iθ + − + − M c− + progressive 
ESS

< 0a aR G V M iθ + − + −
< 0M c− +

E3(1,0) M i− + ( )1 a bR G V M c− θ + − + − progressive 
ESS

< 0M i− +
( ) <1 0a bR G V M c− θ + − + −

E4(1,1) a aR G V M i−θ − + − + ( )1 a bR G V M c− − θ − + − + progressive 
ESS

< 0a aR G V M i−θ − + − +
( ) <1 0a bR G V M c− − θ − + − +

ESS – evolutionary stability strategy
Source: Calculated by authors
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RESULTS AND DISCUSSION

Baseline regression results
The empirical results showed that the coefficients 

are significantly positive at  a  1% significance level. 
The  STF demonstration zones owned by  the prov-
inces where ARLEs are located had a markedly posi-
tive stimulative impact on  the number of  patents 
applied for by the firms. The original model does not 
have serious sample selection errors, and the conclu-
sions are reliable. According to models shown in Ta-
ble 5, the patent growth rate of ARLEs in the region 
increased by  about 0.4 percentage points after the 
establishment of the demonstration zone. Given the 
cumulative effect of  policies, STF policies can un-
doubtedly significantly elevate the innovation level 
of ARLEs, which confirms the first half of H1. They 
enhance innovation capabilities, at  least in  part, 
by ensuring cognitive, normative, and regulatory le-
gitimacy of the required kind (Markard et al. 2016).

Table 5. Impact of technology finance on patent output of listed agricultural-related firms in science, technology and 
finance (STF) demonstration zones

(1) (2) (3) (4) (5) (6)
lpatent lpatent lpatent lpatent lpatent lpatent

did
0.391*** 0.374*** 0.381*** 0.411*** 0.409*** 0.386***

(0.137) (0.137) (0.136) (0.137) (0.140) (0.140)

lev
– 0.236* 0.497*** 0.230* 0.005 –0.055

(0.129) (0.143) (0.138) (0.145) (0.147)

ROA
– – 1.498*** –0.209 0.189 0.250

(0.375) (0.365) (0.325) (0.322)

size1
– – – 0.228*** 0.246*** 0.261***

(0.026) (0.026) (0.026)

cost
– – – – 0.616*** 0.598***

(0.139) (0.139)

top10
– – – – – –0.005***

(0.002)

_cons
1.604*** 1.525*** 1.340*** –2.095*** –2.725*** –2.609***

(0.083) (0.093) (0.104) (0.406) (0.438) (0.434)

n 1 697.000 1 697.000 1 697.000 1 697.000 1 697.000 1 697.000
R2 0.169 0.170 0.181 0.225 0.234 0.239
province
year

* and ***significance levels at 10% and 1%, respectively; standard errors in parentheses
_cons – constant term; did – Difference-in-Differences estimator; cost – operating cost; lev – leverage; lpatent – Natu-
ral logarithm of patent count; ROA – return on total assets; size1 – enterprise size; tobinq – Tobin's Q; top10 – top ten 
shareholders' shareholding ratio
Source: Calculated by authors

Robustness tests
Parallel trend test. The MTDID regression analysis 

was conducted assuming that the ARLEs in the experi-
mental group had been impacted by the policy in the first 
and second periods before the policy implementation 
in 2011. This was reset and regressed two years before 
the STF policy was put into play. As shown in Figure 1 
and Table  6, the regression coefficient was flat during 
the virtual policy occurrence time. After the real policy 
implementation time, the policy effect showed a positive 
upward trend. 

Table 6 shows that, at a significance level of 1%, the 
growth rate for innovation levels of ARLEs in the re-
gion increased by about 0.43 percentage points in the 
first two years of the establishment of the demonstra-
tion zone; in the third year, the growth rate for inno-
vation levels increased by about 0.6 percentage points. 
This significantly positive effect has existed for a long 
time, indicating that the impact of STF policy demon-
stration zones on  innovation activities of  ARLEs has 



92

Original Paper	 Agricultural Economics – Czech, 72, 2026 (2): 84–100

https://doi.org/10.17221/22/2025-AGRICECON

Table 6. Dynamic impact of technology finance demon-
stration zones on patent output of agricultural-listed 
enterprises

(1) (2)
lpatent lpatent

pre_2 –0.098 –0.102
(0.350) (0.379)

pre_1 0.124 0.178
(0.293) (0.297)

curt 0.164 0.211
(0.224) (0.234)

aft_1 0.433* 0.431*
(0.227) (0.234)

aft_2 0.414** 0.427**
(0.203) (0.214)

aft_3 0.602*** 0.615***
(0.210) (0.222)

aft_more 0.394** 0.385*
(0.197) (0.206)

lev – –0.089
(0.147)

ROA – 0.234
(0.318)

size1 – 0.291***
(0.029)

cost – 0.548***
(0.140)

top10 – –0.005***
(0.002)

tobinq – –0.048***
(0.016)

_cons 1.586*** –2.974***
(0.116) (0.473)

n 1 698.000 1 698.000
R2 0.174 0.246
province
year

*,** and ***significance level at 10%, 5% and 1%, respectively; 
standard errors in parentheses
_cons – constant term; aft – after; cost – operating cost; 
curt – current; lev – leverage; lpatent – natural logarithm of 
patent count; pre – previous; ROA – return on total assets; 
size1 – enterprise size; tobinq – Tobin's Q; top10 – top ten 
shareholders' shareholding ratio 
Source: Calculated by authors

a cumulative effect. Besides, there was no marked dis-
parity in  the growth rates for innovation levels when 
the experimental group and the control group were 
compared. This met the parallel trend hypothesis.

Placebo test. Figure  2 showed no  overlap between 
the benchmark model's estimated coefficients and the 
random estimation results. The estimated value of the 
coefficient kernel density of  the random process was 
distributed around 0 and far less than the benchmark 
regression coefficient. This confirms that the STF plat-
form's positive effect on ARLE innovation is stable and 
not attributable to  random factors or  unobservable 
variables, validating the benchmark regression results.

PSM-DID. Table 7 shows the test results for PSM DID. 
The PSM DID test adopted the 1 : 3 nearest neighbours 
matching and back sampling method. Based on  the 
Logit model, the t value corresponding to the estimated 
value of the average treatment effect of the experimental 
group is 2.88, which was significant at  the level of 5%. 
Consequently, the covariate test results supported the 
null hypothesis of  no  significant intergroup difference 
between the experimental and control groups. Follow-
ing Logit model matching, the PSM matching effect was 
satisfactory, and the balance test was successfully passed.

Figure 1. Dynamic impact of science, technology and 
finance (STF) on patent output of agriculture-related 
listed firms in the category of science and technology 
financial demonstration zones

The x-axis – event time relative to the policy implementa-
tion year (t = 0); pre_2 and pre_1 – two years and one year 
before the policy, respectively; curt – the policy imple-
mentation year; aft_1, aft_2, aft_3 – one, two, and three 
years after the policy; aft_more – four or more years after 
the policy
Source: Authors' composition
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Heterogeneity test
Scale heterogeneity. We  tested STF policy effects 

by dividing ARLEs into large and small groups, reveal-
ing heterogeneous innovation impacts across different 
firm sizes. We  calculated the average market value 
of each enterprise in the sample time, and then took its 
median. If the average market value of each enterprise 
exceeded the median, it was recorded as a large enter-
prise. If  it was lower than the median, it was record-
ed as a small enterprise. Table 8 shows the outcomes 
of this test. The effect of the STF policy on the increase 
in the number of patents applied for by small-scale AR-
LEs was not statistically significant.

Regional heterogeneity. To  further elucidate the 
heterogeneity in  the effects of  STF policies on  the in-
novation activities of ARLEs across eastern, central, and 
western regions of  the country (Table  9, columns  1, 2 
and 3), the test findings indicated that innovative pat-
ent applications among ARLEs were positively impacted 
by  demonstration zones in  both eastern and western 
regions. In contrast, STF's effect on patent growth for 
listed agricultural firms in the central region lacked sta-
tistical significance. There was therefore regional heter-
ogeneity among the STF demonstration zones (Table 9).

STF is a universal policy tool; however, it is affected 
by  the infrastructure, capital conditions, and labour 
factors in  different regions, and the effects of  these 
factors in  different regions are different. Because 
ARLEs in  the central region in  China lack both the 
flexibility of  full market leadership and the efficien-
cy of  full government leadership, the policy efficacy 
failed to meet expectations. 

The foregoing heterogeneity analysis validates the 
second half of H1.

Figure 2. Dynamic impact of science, technol-
ogy and finance (STF) on  patent output 
of agriculture-related listed firms in science 
and technology financial demonstration zones

Source: Authors' composition
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Table  7. Dynamic impact of  PSM-DID and adjusted 
sample interval test results

(1)
lpatent

did 0.361**
(0.146)

lev –0.250
(0.165)

ROA 0.252
(0.486)

size1 0.300***
(0.034)

cost 0.717***
(0.157)

top10 –0.003*
(0.002)

tobinq –0.054***
(0.016)

_cons –3.198***
(0.527)

n 1 325.000
R2 0.259
province
year

*, ** and ***significance level at 10%, 5% and 1%, respectively; 
standard errors in parentheses
_cons – constant term; cost – operating cost; did – Differ-
ence-in-Differences estimator; lev – leverage; lpatent – nat-
ural logarithm of patent count; ROA – return on total assets; 
size1 – enterprise size; tobinq – Tobin's Q; top10 – top ten 
shareholders' shareholding ratio
Source: Calculated by authors
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Mechanism-of-action tests 
To understand how the impact of STF policies on the 

innovation capabilities of listed agricultural companies 
is influenced by the firms' digital maturity, we used the 
average number of  these enterprises employing tech-
nologies such as block-chain, big data cloud comput-
ing, and artificial intelligence as a metric to assess their 
level of digital technology transformation. At the same 
time, the full sample was used, and the interactive item 
did_dig was introduced. 

The marginal impact of  STF policies on  enhancing 
the innovation levels of  publicly traded ARLEs de-
pended on  the core explanatory variable did, as  well 
as the moderating effect dig (Table 10, columns 1 and 
2). This showed that the positive impact of STF poli-
cies on  the innovation level of  ARLEs was grounded 

in the extent of the firms' digital transformation, with 
the digital indicators having a  significant moderat-
ing effect. By  adopting digital technologies, ARLEs 
expanded their digital reach, accelerated information 
flow, reduced information asymmetry, improved fi-
nancial literacy, and enhanced STF integration – with 
all these factors ultimately increasing STF policy ef-
fectiveness. In short, the improvement of the innova-
tion level of ARLEs by STF policies was based on their 
digital level. The  more proactive an  ARLE's capabili-
ties in digital transformation, the more efficiently it can 
enjoy STF policy benefits, which confirms H2 and also 
reflects the dialectical interaction of  institutions and 
technologies (Markard et al. 2016).

Furthermore, this study uses a multi period lagged 
variable regression model to  strictly exclude reverse 

Table 8. Regional heterogeneity of large-scale and small-
scale listed agricultural-related firms

(1) (2)
lpatent lpatent

did 0.659*** 0.048
(0.240) (0.162)

lev –0.050 0.174
(0.233) (0.179)

ROA –0.202 0.746**
(0.631) (0.366)

size1 0.256*** 0.227***
(0.042) (0.070)

cost 0.638*** 0.341*
(0.220) (0.200)

top10 –0.012*** –0.000
(0.002) (0.002)

tobinq –0.033* –0.069*
(0.020) (0.041)

_cons –2.136*** –2.003*
(0.700) (1.078)

n 920.000 771.000
R2 0.321 0.238
province
year

*, ** and ***significance level at 10%, 5% and 1% respectively; 
standard errors in parentheses
_cons – constant term; cost – operating cost; did – Differ-
ence-in-Differences estimator; lev – leverage; lpatent – nat-
ural logarithm of patent count; ROA – return on total assets; 
size1 – enterprise size; tobinq – Tobin's Q; top10 – top ten 
shareholders' shareholding ratio
Source: Calculated by authors

Table 9. Regional heterogeneity of listed agricultural-
related firms in the east, central and west regions

(1) (2) (3)
lpatent lpatent lpatent

did 0.419** –0.240 0.802***
(0.184) (0.265) (0.264)

lev –0.190 –0.387 0.319
(0.214) (0.309) (0.271)

ROA 0.757 –2.852*** 1.023
(0.567) (0.986) (0.635)

size1 0.313*** 0.417*** 0.208***
(0.042) (0.073) (0.048)

cost 1.055*** –0.594** 0.863***
(0.209) (0.293) (0.249)

top10 –0.008*** –0.002 -0.001
(0.002) (0.004) (0.003)

tobinq –0.033 –0.120*** -0.018
(0.020) (0.034) (0.034)

_cons 3.547*** –3.549*** –2.536***
(0.699) (1.038) (0.759)

n 845.000 508.000 345.000
R2 0.220 0.293 0.346
province
year

** and ***significance level at 5% and 1%, respectively; stand-
ard errors in parentheses
_cons – constant term; cost – operating cost; did – Differ-
ence-in-Differences estimator; lev – leverage; lpatent – nat-
ural logarithm of patent count; ROA – return on total assets; 
size1 – enterprise size; tobinq – Tobin's Q; top10 – top ten 
shareholders' shareholding ratio
Source: Calculated by authors
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causality. The empirical results show that the lagged 
did and lagged interaction term still have a significant 
positive impact on  lpatent, while the lagged lpatent 
has no significant impact on the lagged did and lagged 
interaction term. This result (Table  10, columns  3 
and 4) confirms the promoting effect on  innovation 
of policy-driven (rather than enterprise-driven) digi-
tal transformation.

Further analysis 
The adoption of digital technologies enabled more 

transparent internal information within enterprises, 
enhancing the degree of  understanding and super-
vision of  internal decisions of  ARLEs by  external 
stakeholders, thereby reducing Va. Figure  3 shows 
that the higher the Va of  the default return that 
an  ARLE gives up  midway, the more inclined the 
ARLE is  to  choose the strategy of  giving up  at  the 
mid-point. At  that point, cooperating financial in-
stitutions quickly and firmly adhered to the decision 
of cooperative strategy selection.

The adoption of  digital technology mitigated the 
asymmetry of  internal and external information. 
It  enabled the STF platform to  precisely identify 
targets, with more timely and distinct rewards and 
punishments, by  providing more targeted bad debt 
provision M or government subsidy Ga. Figures 4 and 
5 show that the larger the bad debt provision M ac-
crued by  the platform, the greater the government 
subsidy Ga to  ARLEs, with more and more ARLEs 
tending to choose a strategy of adhering to the rules 
for cooperation. Regardless of the amount of bad debt 
reserves and government subsidies accumulated, co-
operative financial institutions tend to maintain their 
commitment to cooperation. 

The adoption of digital technologies boosts ARLEs' 
proficiency in  gathering, storing, and analysing data 
in technology finance projects in a more efficient man-
ner. It also enhances information quality, and reduces 
the variable costs i of  technology finance projects. 
Figure 6 indicates that the smaller the variable costs i 
for ARLEs and cooperative financial institutions, the 
more ARLEs tend to adhere to cooperative strategies, 
and the more cooperative financial institutions tend 
to maintain their commitment to cooperation. 

Meanwhile, the curve changes from an upward trend 
to  a  downward effect at  a  certain specific parameter 
value, which may indicate that a threshold effect exists 
in the system. This pattern is worthy of  further study 
in the future, because it suggests the presence of an op-
timal point (Shi 2023). 

Table 10. Impact of technology finance on patent output 
of listed agricultural-related firms in STF demonstration zones

(1) (2) (3) (4)
lpatent lpatent lpatent dig

did 0.285** 0.312** – –
(0.142) (0.146)

did_dig 0.248*** 0.171*** – –
(0.062) (0.062)

dig 0.009 0.010 – –
(0.009) (0.010)

L.did – – 0.691*** –
(0.194)

L.did_dig – – 0.210*** –
(0.077)

L.dig – – 0.016 1.007***
(0.011) (0.053)

L.lpatent – – – 0.003
(0.040)

lev – –0.118 –0.041 –0.057
(0.146) (0.182) (0.206)

ROA – 0.396 0.136 0.004
(0.316) (0.364) (0.387)

size1 – 0.276*** 0.276*** –0.025
(0.030) (0.036) (0.045)

cost – 0.568*** 0.666*** 0.224
(0.139) (0.178) (0.196)

top10 – –0.005*** –0.006*** 0.006***
(0.002) (0.002) (0.002)

tobinq – –0.048*** –0.036** –0.000
(0.015) (0.017) (0.024)

_cons 1.583*** –2.710*** –2.876*** 0.081
(0.085) (0.466) (0.583) (0.649)

n 1 698.000 1 698.000 1 211.000 1 211.000
R2 0.184 0.250 0.268 0.826
province
year

** and ***significance levels at 5% and 1%, respectively; 
standard errors in parentheses
_cons – constant term; cost – operating cost; did – Dif-
ference-in-Differences estimator; did_dig – policy and 
digitalisation interaction term; L. – lag one period behind; 
lev – leverage; lpatent – natural logarithm of patent count; 
ROA  – return on  total assets; size1 – enterprise size; 
tobinq – Tobin's Q; top10 – top ten shareholders' share-
holding ratio
Source: Calculated by authors



96

Original Paper	 Agricultural Economics – Czech, 72, 2026 (2): 84–100

https://doi.org/10.17221/22/2025-AGRICECON

Figure 3. Simulation results of the benefits Va of mid default strategies of agricultural listed companies and coop-
erative financial institutions

Va – the simulated expected net benefit for the ARLEs of choosing a midway default strategy at time t
Source: Authors' composition

Figure 4. Simulation results of provision for bad debt provision (M)

M – the bad debt provision
Source: Authors' composition

Figure 5. Simulation results of agricultural listed companies and cooperative financial institutions receiving gov-
ernment subsidies Ga

Ga – subsidy amount
Source: Authors' composition
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CONCLUSION

In the context of  agricultural innovation in  emerg-
ing economies, this study provides empirical support 
for Institutional Entrepreneurship Theory (Battilana 
et al. 2009) and the stage-based model proposed by Mark-
ard et al. (2016). Moreover, the moderating role of digital 
transformation underscores that digitalisation of ARLEs 
is a dynamic process of mutual adaptation between tech-
nological achievements and institutional expectations, 
offering robust evidence for the co-evolutionary devel-
opment of technology and institutions (Teece 2007). 

Several key findings should be  emphasised. First, 
the integration of  STF policies has greatly enhanced 
the innovation efforts of ARLEs. This finding remains 
consistent even after conducting various robustness 
checks. Second, the impact of STF policies in improv-
ing the innovation ability of  ARLEs varies by  geo-
graphical location and the size of  enterprises. Third, 
the impact the policies is  moderated by  firms' level 
of digitalisation. Digitalisation plays more of a moder-
ating role than an intermediary role; therefore, improv-
ing the digitisation level of ARLEs is a necessity. 

Drawing on prior research (Abate et al. 2016; Nakano 
et  al.  2020), we  confirm that STF policy impacts vary 
significantly by region and firm size. Importantly, ARLE 
digitisation levels moderate policy effectiveness and 
help determine optimal points for STF policies' impact. 
This explains the most effective medium-sized credit 
outcomes in Bangladesh (Afrin et al. 2017) and partially 
effective policies in Tanzania (Nakano et al. 2020) and 
Côte d'Ivoire (Ouattara et al. 2020). In short, our find-
ings support the design of  differentiated agricultural 

financial policies in  developing countries. Policymak-
ers should consider regional digital infrastructure when 
formulating STF policies and improve implementation 
precision via digital technology. 

In light of aforementioned conclusions, this paper of-
fers the following policy suggestions: i) To enhance stake-
holder collaboration in the development of agricultural 
STF digital platforms, ARLEs should expedite data col-
lection by leveraging open information resources while 
mitigating financing challenges arising from inefficient 
assessments, auditing cost spillovers, delayed disclo-
sures, and sluggish returns (Chen et al. 2016). STF plat-
forms are encouraged to establish an inclusive financial 
system comprising three essential components: a trans-
action platform, an innovation platform, and an integra-
tion platform. This system can serve as a benchmark for 
developing countries. Yet policy design must consider 
the diverse enterprise types and growth stages among 
ARLEs to prevent institutional overload. Specifically, en-
terprises with weaker digital foundations require mod-
erate investment to avoid efficiency traps and strengthen 
their self-sustaining capabilities.  

ii) To ensure the effective implementation of STF poli-
cies, policymakers should provide differentiated and tar-
geted services aligned with ARLEs' spatial layouts and 
service objectives. Under identical policy conditions, sup-
port should be customised based on geographical location 
and enterprise size. Governments must enhance collateral 
management frameworks and offer significant financing 
incentives to direct resources toward large-scale agricul-
tural enterprises. Simultaneously, they should lower ac-
cess thresholds for smaller ARLEs by implementing staged 
funding allocations and essential assistance programs 

Figure 6. Simulation results of variable costs i for agricultural listed companies

i – variable costs
Source: Authors' composition
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to  promote comprehensive innovative growth. These 
measures should consider the specific conditions 
of  developing countries. Although our framework 
is designed to be generalisable, institutional variations 
across emerging economies may influence the interpre-
tation of parameters. Therefore, future studies should 
test this approach in diverse economic and regulatory 
contexts to confirm its broader applicability. 

iii) Digital platforms and innovation constitute the 
core of agricultural STF policies, necessitating ARLEs 
to cultivate three critical digital capabilities: willing-
ness to  embrace digitalisation, capability to  imple-
ment it  effectively, and boldness to  leverage its full 
potential. Developing a  strategic digital vision is  es-
sential for enhancing process-innovation capabilities. 
These enterprises must acknowledge that digitali-
sation has fundamentally reshaped STF platforms, 
fostering new value creation for entrepreneurial in-
novation. When selecting digital technologies, firms 
should systematically assess network effects and dy-
namically adapt platform connections based on  the 
evolving interdependencies among STF stakeholders. 
Complementary policy measures, such as 'specialised 
digital', can offer targeted financial support via dedi-
cated funds to encourage spontaneous digital upgrad-
ing. Comparative case studies (e.g. Kenya's DrumNet 
and India's e-Choupal) demonstrate that sustainable 
development is  constrained by  the digital divide, 
underscoring the importance of  shifting focus from 
infrastructure alone to  strengthening enterprises' 
endogenous digital transformation capabilities. Al-
though further empirical validation is required, these 
findings provide actionable insights for refining STF 
policy design in the context of digital transformation.
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