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Abstract

Artificial intelligence (AI)-enabled digital technologies have the potential to transform agriculture by sup-
porting decision-making and automating operations. However, their limited adoptions and scholars’ athe-
oretical explorations constrain our understanding. Drawing on the technology-organization-environment
(TOE) framework, we investigate the challenges hindering the AI-enabled technology’s adoption in farms
using a multi-method approach, including semi-structured interviews, thematic analysis, total interpretive
structural modeling, and fuzzy cross-impact matrix multiplication applied to classification analysis. Our find-
ing shows novelty in several aspects. First, we identify 13 challenges, some of which are underexplored, such
as the absence of effective intermediaries in promoting agricultural technology. Second, we developed a hi-
erarchical and clustering framework to reveal their interrelationships, classifications, and identify the key
challenges. Third, we reorganize the TOE framework into a P-TOE model, where “P” represents people’s
experience, knowledge, and skills. Finally, we offer practical recommendations, including the creation of non-
profit technology extension hubs and hands-on training programs to promote inclusive technology adoption.

Keywords: artificial intelligence; digital technologies; farming; decision-making; total interpretive structural modeling;
MICMAC analysis

1. Introduction

Artificial intelligence (AI) can be broadly defined as the simulation of human intelligence by ma-
chines or systems (Akpan et al., 2025). It encompasses a wide range of capabilities aimed at replicat-
ing human behaviors, including perception, reasoning, learning, and problem-solving (Rashid and
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Kausik, 2024). Due to its potential to enhance efficiency, improve accuracy, and support more in-
formed decision-making, AI is increasingly being adopted across diverse sectors, including agricul-
ture (Camacho et al., 2026; Dipierro et al., 2026). For example, AI can be used to analyze disaster-
related data to support effective disaster management (Sun et al., 2020), enhance healthcare delivery
through applications such as diagnostic imaging, autonomous medical devices, and patient mon-
itoring (Bohr and Memarzadeh, 2020), and optimize transportation systems by reducing conges-
tion and improving travel reliability (Iyer, 2021). In the agricultural sector, AI-enabled technologies
have shown promise in areas such as crop selection, yield prediction, water resource management,
and soil compatibility analysis (Akkem et al., 2023; Bang et al., 2023). Despite these potential
benefits, the adoption of AI in agriculture remains relatively limited, primarily due to a range of
challenges.

Scholars have examined the challenges hindering the adoption of AI-enabled digital technologies
in agriculture from various perspectives. For example, Mhlanga and Ndhlovu (2023) conducted a
literature review to assess the level of digitalization in African farming and identified key barri-
ers to its advancement. Similarly, Dibbern et al. (2024) reviewed the primary drivers and obsta-
cles influencing the adoption of digital agricultural technologies. Among the most frequently cited
barriers are a lack of trust, aging farming populations, limited technological literacy, Internet con-
nectivity issues, and concerns over data security and privacy. Limpamont et al. (2024) proposed
a framework categorizing these challenges into two broad types: farmer-specific challenges and
ecosystem-related challenges. The former encompasses the individual-level barriers faced by farm-
ers, while the latter includes external systemic factors that affect technological uptake. In a related
study, Marshall et al. (2022) conducted an empirical case study on digital agri-tech adoption in
Australian farms, revealing that technological, discursive, and social factors all play a critical role
in shaping adoption decisions. Most of the existing literature focuses on identifying, categorizing,
and addressing the challenges associated with the adoption of AI-enabled digital agricultural tech-
nologies. However, relatively little research has offered a hierarchical and a clustering framework to
systematically understand and structure these challenges (Silveira et al., 2023a). The interconnected
nature of these challenges creates a complex landscape, making it difficult for farmers to effectively
navigate and overcome them (Costa et al., 2023).

This study conducts a comprehensive analysis of the challenges associated with the adoption
of AI-enabled digital technologies on farms by identifying various challenges, mapping their in-
terrelationships, and uncovering the most influential challenges. To guide this investigation, three
research questions are formulated: (1) What are the challenges to the adoption of AI-enabled dig-
ital technologies on farms? (2) How are these challenges interrelated? (3) What are the key chal-
lenges that possess the highest capacity to trigger other challenges in the system? By addressing
these questions, this study makes the following contributions. First, it enriches the digital adop-
tion literature by systematically identifying a wide range of challenges. Notable challenges are
the absence of effective intermediaries in promoting agricultural technology, and access to govern-
ment subsidies often depends on guanxi. Guanxi is the system of social networks and relationships
(Davison et al., 2018), which often plays a critical role in farmers’ access to government subsi-
dies in China. Second, this study constructs a hierarchical framework that reveals the interrela-
tionships among the identified challenges. Third, this study distinguishes the challenge’s capabil-
ities to induce other challenges, thereby enabling the clustering of them. Finally, this study reor-
ganizes the technology-organization-environment (TOE) framework by highlighting the P-TOE
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model, in which “P” represents individual-level (personal) factors that affect technology adoption
decisions.

The remainder of this study is structured as follows. In Section 2, the TOE framework, the diverse
applications of AI-enabled digital technologies in agriculture, and relevant adoption challenges are
reviewed to identify existing research gaps. In Section 3, we justified the research methodology
adopted, followed by Section 4, which outlines the empirical data collection process conducted
in China. In Section 5, we described each data analysis method adopted and presented the key
findings. In Section 6, we compared our findings with those of previous research to highlight our
unique contributions. Finally, we draw our conclusions in Section 7.

2. Literature review

In this section, we begin by reviewing the TOE framework to establish the theoretical foundation
for the study. We then examine the range of digital technologies currently implemented on farms,
along with the key challenges that hinder their adoption by farmers. Finally, we identify critical
research gaps, highlighting promising directions for future investigations.

2.1. TOE framework

The TOE framework is a theoretical framework that was developed in the field of information sys-
tems to explain how the adoption and use of new technologies are influenced by technological,
organizational, and environmental factors (Tornatzky and Fleischer, 1990). As an organizational-
level theory, it posits that these three contextual dimensions collectively influence a firm’s technol-
ogy adoption decisions. Factors from the environmental context, such as government regulations,
technological support infrastructure, industry characteristics, and market structure, can influence
technology adoption at the organizational level. Similarly, factors from the organizational context,
including communication processes and both formal and informal linking structures, and from the
technological context, such as the availability and characteristics of the technology itself, all play a
role in shaping adoption decisions (Rogers, 1995).

Several scholars have employed the TOE framework to investigate the adoptions of various
digital technologies. For example, Chittipaka et al. (2023) used the TOE framework to examine
the factors influencing the adoption of blockchain technology in supply chain operations. Awa
and Ojiabo (2016) applied the TOE framework to explore the determinants of enterprise resource
planning (ERP) adoption among small- and medium-sized enterprises (SMEs). Similarly, Raj and
Jeyaraj (2023) utilized the TOE framework to analyze the factors affecting the adoption of Indus-
try 4.0 (I4.0) technologies. Without focusing on specified digital technologies, Zhang and Wang
(2024) applied the TOE framework to the context of pre-cooked meal companies’ overseas supply
chains. Their analysis revealed that technical factors (e.g., intelligent information technology
and automation), organizational factors (e.g., talent and social adaptability), and environmental
factors (e.g., market adaptability) all exert positive influences on the sustainability performance
of these companies. Building on the same theoretical framework, Luo et al. (2025) demonstrated
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that technical factors (e.g., digital infrastructure and agricultural technological innovation),
organizational factors (e.g., supportive policies), and environmental factors (e.g., modernization
of rural culture) play a significant role in driving the digital transformation of the agricultural
industry. Scholars have also adopted other theoretical frameworks to examine the adoption of
digital technologies. For example, Cao et al. (2025) utilized technology acceptance model (TAM)
and TOE framework for farmer cooperatives and found that perceived ease of use and perceived
usefulness significantly increased adoption intentions. They further observed that government
support and competitive advantage enhanced cooperatives’ perceptions of both ease of use and
usefulness. Building on similar theoretical underpinnings, Wang et al. (2019) reported that envi-
ronmental factors positively influenced agricultural information technology adoption intentions,
whereas technological factors did not exert a significant effect. Importantly, their findings under-
scored the mediating role of leaders’ attitudes in shaping the relationship between environmental
and technological conditions and adoption intentions. In contrast to studies drawn on the TAM
and TOE frameworks, Smidt and Jokonya (2022) adopted the choice framework to provide a holis-
tic analysis of the social, political, and economic factors shaping small-scale farmers’ adoption
of digital technologies. Giua et al. (2022) drew on the unified theory of acceptance and use of
technology (UTAUT) to examine the determinants of smart farming technology adoption. Finally,
Dissanayake et al. (2022) conducted a comprehensive review of technology adoption studies
in the agricultural sector and identified 20 frequently employed theories and models, including
TAM, UTAUT, diffusion of innovation, TOE, social cognitive theory, and theory of interpersonal
behavior.

In this study, we utilized the TOE framework to investigate the challenges affecting the adoption
of AI-enabled digital technologies on farms for several reasons. First, existing studies have em-
ployed a range of theories, models, and frameworks to examine factors influencing the adoption
of digital technologies in the agricultural sector. However, these theories, models, and frameworks
have limitations that make them less suitable for the present study. For example, the TAM is
widely used to explain how individuals accept and use new technologies (Davis, 1989), but it
primarily focuses on the individual level of analysis and does not capture organizational or envi-
ronmental influences. The UTAUT addresses broader behavioral influences, with key constructs
including performance expectancy, effort expectancy, social influence, and facilitating conditions
(Venkatesh et al., 2003). However, it still primarily emphasizes the individual level of analysis
and the role of social context. Similarly, the diffusion of innovation theory can be viewed as
a complement to TAM and UTAUT, but it predominantly focuses on the individual level of
analysis, offering limited insight into environmental or institutional factors (Rogers, 1995). Key
constructs include relative advantage, compatibility, complexity, trialability, and observability. The
TOE framework, by encompassing technological, organizational, and environmental dimensions,
provides a more comprehensive lens and is therefore particularly suitable for this study. Sec-
ond, AI-enabled digital technologies are typically expensive, making them difficult for individual
farmers to adopt but more feasible for farming cooperatives/enterprises. Moreover, coopera-
tives/enterprises tend to place greater emphasis on the technological capabilities of AI-enabled
digital technologies and are more susceptible to external environmental influences. This is sup-
ported by our fieldworks in China. Third, the TOE framework is a well-developed and extensively
validated theory, providing a solid foundation and empirical support for developing our study.
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Based on these considerations, the TOE framework was deemed appropriate for guiding our
investigation.

2.2. The application of AI-enabled digital technologies on farms

The application of AI-enabled digital technologies in agriculture can be traced back to expert sys-
tems, which are specialized software applications capable of performing reasoning and analytical
functions within narrowly defined domains at levels approaching human expertise (Coulson et al.,
1987). Such systems promised potential benefits for farm management and therefore developed to
provide decision support in areas such as irrigation, nutrient and fertilizer management, weed con-
trol, crop cultivation, and pest management (McKinion and Lemmon, 1985). However, Doluschitz
and Schmisseur (1988) cautioned that although expert systems could be applied to various domains
of farm management, the choice of application areas needed to be carefully made, given the time-
consuming and costly nature of system developments. Similarly, Nitsch (1990) emphasized that the
design of such systems should enable farmers to engage with computer-based information in an
active, critical, and effective manner.

Due to vastly increased and affordable computational power, various AI-enabled digital tech-
nologies are increasingly being applied on farms to enhance monitoring, guide agricultural actions,
and enable accurate predictions, thereby improving overall farm efficiency and productivity. For
example, the integration of sensors, satellite imagery, drones, and AI algorithms can be used to
monitor crop health. More specifically, AI programs can analyze drone footage to detect potential
threats such as animals, birds, or unauthorized individuals that may damage crops (Javaid et al.,
2023). AI is also used to detect plant diseases by leveraging high-resolution cameras and Internet
of Things (IoT) devices and offering pest control recommendations based on expert knowledge or
information retrieved from online sources (Partel et al., 2021). A practical example is provided by
Papadimitriou (2012), who highlights how AI algorithms can effectively detect small insect intru-
sions. Once detected, alerts are instantly sent to farmers’ smartphones, enabling timely intervention.
Furthermore, the application of AI in agriculture has significantly improved decision-making pro-
cesses. For example, sensors are widely used to collect data on temperature, weather conditions,
water usage, soil quality, and other farm-related parameters. These data are then processed by AI
systems on digital platforms, providing farmers with actionable insights to make informed deci-
sions (Hemming et al., 2019). AI also plays an effective role in reducing resource consumption by
analyzing historical data on resource allocation and usage and by recommending optimized alter-
natives for more efficient management. For example, Addas et al. (2024) developed a robotic crop
farming prototype supported by deep reinforcement learning to optimize resource management.
Their simulation results demonstrated that this technology could increase crop yield by 26%, while
reducing water use by 41% and agrichemical use by 33%. In Europe, the application of AI-driven
technologies, such as optimized spray timing, variable rate application maps, and product recom-
mendations, has resulted in a 30% decrease in fungicide usage on field-trial cereal crops and a 72%
reduction in tank leftovers, thereby mitigating environmental pollution (Shankar et al., 2020). In
addition to resource optimization, scholars have identified several other benefits of applying AI-
enabled digital technologies in agriculture. These include crop and soil monitoring, detection of
soil defects, support for food supply chain management, enhancement of agricultural yield and
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productivity, assistance in crop cultivation and harvesting, tackling labor shortage, and facilitation
of precision agriculture practices (Jha et al., 2019). A notable example is the integration of AI,
IoT, and autonomous tractors, which offers an effective solution to labor shortages by automating
various farming tasks. Despite significant benefits promised by AI-enabled digital technologies for
agriculture, their adoption has lagged behind other industries due to multiple challenges (Abbasi
et al., 2022). For example, while the U.S. agriculture and manufacturing sectors are of similar size,
the market value of AI is estimated to be nearly five times greater than in agriculture (Federal
Reserve Bank of St. Louis, 2024; Thomasson et al., 2025). A recent report commissioned by the
European Commission on how AI can support more sustainable and resilient agricultural prac-
tices in Europe (Rauch et al., 2025) shows that although AI technologies for agriculture are ad-
vancing rapidly, their adoption remains uneven. We contend that a range of unique challenges
faced by farmers and the agricultural sector more broadly continue to impede the adoption of AI
in farming.

2.3. Challenges impeding the adoption of AI-enabled digital technologies in the agri-food sector

While farmers are gradually adopting new technologies, the overall pace of adoption remains rel-
atively slow (Trendov et al., 2019). For example, the OECD report on agricultural digitalization
(McFadden et al., 2022) indicates that across all farm types and technology categories, digital tech-
nology adoption rates in England increased by only 6%–9% from 2012 to 2019, with substantial
geographical disparities observed. The report further concludes that although large farms have the
strongest incentives to adopt digital technologies, adoption remains uneven and far from univer-
sal across the sector. The adoption of AI-enabled digital technologies is progressing even more
slowly. In indoor farming, the market share for AI adoption slightly declined from 15.2% in 2019
to 15% in 2024. Meanwhile, livestock farming saw a marginal 1% increase, and field farming experi-
enced an even smaller rise of just 0.4% over the same five-year period (Scoutlabs, 2025). A range of
challenges has contributed to the sluggish adoption of AI-enabled digital technologies in agricul-
ture. For example, Aijaz et al. (2025) identified four categories of barriers hindering the adoption
of AI-integrated agricultural systems: technological, social, regulatory, and economic impediments.
Similarly, Thomasson et al. (2025) outlined seven major challenges in developing AI for agriculture,
including limited applicability of AI models, lack of connectivity, data incompatibility, data privacy
concerns, resistance to change, high adoption costs, and shortages of an AI-skilled workforce. Tza-
chor (2021) further emphasized 18 barriers to adoption, with the most critical being farmers’ lack
of trust in the technology and the language and literacy barriers associated with the digital divide.
Echoing this concern, Gardezi et al. (2024) also argued that low levels of trust among farmers con-
stitute a key obstacle to the adoption of AI-enabled digital technologies on farms. In a systematic
review of 39 peer-reviewed studies published between 2010 and 2024, Erike et al. (2025) synthesized
eight categories of challenges specific to AI applications in poultry farming: data quality and imbal-
ance, model generalization and scalability, computational and resource limitations, occlusion and
lighting variability, model interpretability, dependence on hardware and infrastructure, application
adoptability, and hyper-parameter optimization.
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To establish a solid theoretical foundation and inform subsequent empirical research, we con-
ducted a systematic literature review on the topic. Previous reviews on agriculture and AI were
examined to identify relevant keywords for guiding the literature search in this study, including Jha
et al.’s (2019) review on automation in agriculture using AI, Bao and Xie’s (2022) review on AI in
animal farming, Akkem et al.’s (2023) review on smart farming with AI, and Erike et al.’s (2025)
review on AI applications and challenges in precision agriculture. The keywords derived from these
studies were combined into the following search string: (“artificial intelligence” OR “deep learning”
OR “machine learning”) AND (“agriculture” OR “farming” OR “agri-food”) AND (“challenges”
OR “barriers” OR “inhibitors” OR “prohibitors” OR “factors” OR “determinants”). Searches
were conducted in Web of Science, ScienceDirect, and Taylor & Francis Online, as these databases
include the world’s major journals, conference proceedings, and book chapters, with strong cover-
age of business and management scholarship, and are widely used in literature reviews. The initial
search yielded 1540 publications. These records were imported into EndNote 2025, and duplicates
were removed using the “find duplicates” command, reducing the dataset to 847 publications. To
further refine the selection, we applied several inclusion criteria. Specifically, only peer-reviewed
journal articles written in English and accessible in full text were retained, while conference pro-
ceedings, book chapters, editorial materials, and inaccessible papers were excluded. This step fur-
ther reduced the number of publications to 421. For example, some book chapters such as Nitsch
(1990), which focuses on farmers and computers, were not included for further analysis. We then
screened each paper’s title, abstract, keywords, introduction, and conclusion to ensure that the se-
lected publications had a clear focus on the challenges of applying AI in agriculture. To ensure the
relevance and quality of the selected studies, two Ph.D. students with research interests in agricul-
ture and food systems independently reviewed each publication. In cases of disagreement regarding
inclusion, a professor of operations management with over 10 years of experience collaborating
with the agri-food industry was consulted to make the final decision. This step further reduced
the dataset to 58 publications. Studies such as McKinion and Lemmon (1985) and Doluschitz and
Schmisseur (1988), which focus on expert systems for agriculture, were not included for further
analysis. The remaining articles were read in full to assess their relevance, resulting in the inclusion
of 30 journal papers for the final analysis. For example, some papers such as Georgopoulos et al.
(2023) and Sood et al. (2024) examine factors or determinants influencing the adoption of AI in
agriculture and explicitly identify related challenges; therefore, these studies were included for fur-
ther analysis. Other studies, such as Ganeshkumar et al. (2023), Silveira et al. (2023a), and Kaushik
et al. (2024), focus on Agriculture 4.0, I4.0, and technology adoption in the agricultural sector but
explicitly state that AI is one of the technologies considered; hence, these studies were also included
for further analysis.

Table 1 presents detailed information on the 30 selected studies. The 30 selected studies were
not chosen merely for thematic overlap but for their analytical alignment with the research ques-
tions and the core dimensions of challenges associated with the adoption of AI-enabled digital
technologies in agriculture. While studies such as Mohr and Kuhl (2021), Holzinger et al. (2022),
Marvin et al. (2022), and Erike et al. (2025) provide in-depth insights into specific AI-enabled dig-
ital technology adoption challenges, we intentionally integrated broader I4.0 and smart farming
literature (e.g., Rodzi et al., 2024; Srinivasan and Yadav, 2024; Narayanamurthy et al., 2025). This
was a deliberate conceptual choice, as these studies offer a socio-technical perspective into sys-
temic challenges such as cultural norms, regulatory frameworks, and institutional constraints that
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are inherent to AI-enabled digital technology adoption but often under-theorized in AI-focused
literature. By synthesizing insights from these diverse perspectives, our analysis provides a compre-
hensive understanding of the challenges associated with adopting AI-enabled digital technologies
in the agricultural sector.

2.4. Research gaps

Our narrative review highlights several research gaps that offer promising directions for future stud-
ies.

First, only a limited number of studies have employed theoretical frameworks to examine the
challenges associated with the adoption of AI-enabled digital technologies in agricultural contexts.
For example, among the 30 studies included in Table 1, five adopted a theoretical framework
to guide their research, such as TAM and the theory of planned behavior (Mohr and Kuhl,
2021), TAM and UTAUT (Kaushik et al., 2024), the socio-technological-environmental approach
(Mallinger and Baeza-Yates, 2024), grand theory (Zhao et al., 2024a), and the TOE framework
(Balasooriya and Sedera, 2025). We assume that theoretical frameworks are rarely adopted for
several reasons. First, as AI-enabled digital technologies are relatively new, the literature is domi-
nated by theoretical, conceptual, and review papers. Second, the application of AI-enabled digital
technologies in farming is inherently interdisciplinary, attracting research from both business and
management as well as engineering and agricultural science perspectives, which has contributed
to the limited use of established theoretical frameworks. Third, our review focused exclusively on
journal papers, while other types of publications such as book chapters and conference proceed-
ings were excluded, which may have led to the omission of some studies that employed theoretical
frameworks. The use of theory is essential, as it provides a systematic lens to interpret complex
phenomena and offers structured explanations for why and how these phenomena occur. This
theoretical grounding not only enhances analytical rigor but also contributes to the development
of a cohesive and cumulative body of knowledge. This study fills the gap by employing a TOE
framework.

Second, existing studies tend to investigate the barriers/challenges to the adoption of smart
agricultural technologies using a single research methodology. This methodological limitation re-
stricts the ability to capture the multifaceted nature of the issue from diverse perspectives. Ad-
dressing this gap, our study adopts a multi-method approach by integrating case studies and
modeling techniques, thereby offering a more comprehensive understanding of the adoption
process.

Third, our review reveals a geographic concentration in the existing literature, with most studies
focusing on countries such as Brazil, India, Serbia, and the United States, while China remains rela-
tively underexplored. Notably, China’s agricultural total factor productivity (TFP) has experienced
an average annual growth of over 2% between 1971 and 2022, which is largely attributed to techno-
logical advancements and efficiency improvements. TFP is a widely accepted indicator for assessing
how efficiently multiple inputs, such as labor, capital, land, fertilizers, seeds, water, and energy, are
transformed into agricultural output. Recent findings by Ding and Gao (2025) underscore the role
of AI as a catalyst in transforming China’s agricultural sector, significantly enhancing the TFP of
agricultural enterprises. Therefore, our investigation into the challenges surrounding the adoption
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Fig. 1. Research methodology adopted.

of AI-enabled digital technologies in Chinese farms is not only timely but also critical. It has the
potential to yield valuable insights and inform strategies that may be transferable to other countries
facing similar challenges.

3. Research methodology

This study employs a multi-method approach to explore the challenges that hinder the adoption
of AI-enabled digital technologies on farms. We adopted this approach for several reasons. First,
a multi-method approach is particularly useful to address the urgent questions arising from our
modern transformational age (Gruber, 2023). Such transformational questions often require multi-
level analysis and involve complex dynamics that are difficult to capture using a single methodology
(Wellman et al., 2023). For example, while the application of AI in agriculture promises increased
efficiencies, reduced operational costs, and improved environmental outcomes, its adoption rate
remains very low (Omotayo et al., 2025). We believe that a range of challenges spanning environ-
mental, technological, organizational, and individual levels impedes the adoption of AI-enabled
digital technologies on farms. Second, a multi-method approach combines multiple qualitative or
quantitative methods, thereby facilitating a more complete and accurate understanding of a phe-
nomenon and generating new insights that are both theoretically and practically valuable (Daft
and Lewin, 1990). It is widely considered as more effective in generating a deep and comprehensive
understanding of a phenomenon than a mixed-method approach (Zhao et al., 2020). Third, we
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adopt a multi-method approach because it is advantageous in balancing the limitations of individ-
ual methods and boosting both the internal and external validity of our findings (McGrath, 1981).
For example, semi-structured interviews and thematic analysis are often criticized by scholars for
their subjectivity and potential for bias (Nowell et al., 2017). To mitigate this issue, we adopted
total interpretive structural modeling (TISM) and fuzzy cross-impact matrix multiplication applied
to classification (MICMAC) to complement the limitations of the aforementioned methods and
enhance our credibility.

Figure 1 illustrates the research methodology adopted, which includes literature reviews to lay
a theoretical foundation and semi-structured interviews to collect empirical data from farmers,
followed by three data analysis methods: thematic analysis to identify challenges, TISM to establish
interrelationships among the identified challenges, and fuzzy MICMAC analysis to categorize the
challenges into four distinct groups.

3.1. Data collection method

Semi-structured interviews are widely used to obtain subjective knowledge from individuals regard-
ing a particular situation or phenomenon they have experienced (McIntosh and Morse, 2015). It
was adopted in this study for several reasons. First, this study aims to gain a deep understanding
of the challenges that hinder farmers from adopting AI-enabled digital technologies. Rich insights
into this phenomenon can only be obtained through semi-structured interviews due to their flexi-
bility in capturing detailed and in-depth qualitative data (Barriball and While, 1994). Second, a key
advantage of semi-structured interviews is their high response rate, which is particularly appeal-
ing to academics compared to the often-low response rates associated with questionnaire surveys.
Third, participants are encouraged to respond to open-ended questions outlined in the interview
guide, and the researcher can probe their answers in further depth. This highly flexible framework
constitutes the semi-structured aspect of this method, allowing previously unknown or unexpected
information to emerge (O’Keeffe et al., 2016). However, such knowledge cannot be effectively ob-
tained through unstructured or structured interviews, as the former lacks control over participants’
response and the latter strictly restricts participants to predefined areas of inquiry (Warren, 2002).

3.2. Data analysis methods

Following the semi-structured interviews, three data analysis methods were employed to ensure a
comprehensive exploration of the collected data.

We first employed thematic analysis to allow themes to emerge from the collected data. Thematic
analysis is a qualitative data analysis method for analyzing, organizing, describing, identifying, and
reporting themes found within a dataset (Braun and Clarke, 2006). We employed it in this study for
several reasons. First, it is a well-defined qualitative method with a structured process to follow. For
example, Braun and Clarke (2006) and Nowell et al. (2017) proposed a six-step process to ensure
a trustworthy and rigorous thematic analysis. Second, thematic analysis is widely applicable across
various epistemologies and research questions. For example, Jayawickrama et al. (2016) employed
thematic analysis to identify knowledge determinants in the implementation of the ERP system,

© 2026 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation

of Operational Research Societies.

 14753995, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/itor.70206 by Sw

ansea U
niversity Inform

ation, W
iley O

nline L
ibrary on [15/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



14 G. Zhao et al. / Intl. Trans. in Op. Res. 0 (2026) 1–43

Zhao et al. (2024a) used it to identify barriers to adopting I4.0 for agri-food supply chain sustain-
ability, and Zhao et al. (2025) applied it to explore supply chain knowledge mobilization barriers
using qualitative data from Argentina. Third, thematic analysis is particularly useful for summa-
rizing key features of a large dataset, exploring participant perspectives, highlighting similarities
and differences, and uncovering unanticipated insights (King, 2004). Other frequently used quali-
tative data analysis methods were not suitable for this study due to their respective limitations. For
example, content analysis is highly time-consuming and challenging to computerize, narrative anal-
ysis captures only a narrow range of perspectives, and discourse analysis does not yield definitive
answers to specific research questions (Saunders et al., 2019).

Then, we employed TISM to establish interrelationships among the identified challenges by al-
locating them into different layers of a hierarchical framework. TISM, an advancement of inter-
pretive structural modeling (ISM) (Sushil, 2012; Cipi et al., 2025), is a qualitative modeling tech-
nique that not only identifies the interrelationships among system elements but also provides in-
terpretive insights into these linkages. Compared to ISM, TISM is considered more robust, as it
facilitates deeper theoretical understanding by addressing the “what,” “why,” and “how” of the
interconnections (Jena et al., 2017). Although several techniques can be employed to understand
the relationships among different elements, each has limitations that render them less suitable for
this study. For example, Decision-making trial and evaluation laboratory (DEMATEL) is effec-
tive in identifying cause–effect relationships among elements but is less applicable when dealing
with problems relevant to challenges and uncertainties (Zhao et al., 2024b; Ferreira and Ferreira,
2026). Structural equation modeling (SEM) is a powerful multivariate statistical tool for testing
and evaluating complex relationships and requires large sample sizes to produce reliable results.
Wolf et al. (2013) suggested that SEM commonly requires between 30 and 460 cases. In contrast,
TISM can be conducted with a smaller group of experts who qualitatively assess the relationships
between elements. Last, while graph theory is useful for visualizing relationships between nodes
and edges, it lacks capability to determine the directionality of relationships between variables
(Agarwal et al., 2022).

Finally, we employed fuzzy MICMAC analysis to classify the variables into four distinct clus-
ters and to identify the key driving variables within the system. MICMAC analysis is a widely
adopted technique for evaluating the driving and dependence power of variables within a system,
thereby facilitating the identification of those that significantly influence the system. While alter-
native techniques such as analytic hierarchy process (AHP), analytic network process (ANP), and
BWM can also be used to determine key variables, each of these methods presents specific lim-
itations that make them unsuitable for the context of this study. For example, AHP is effective
for ranking multiple variables within a system by constructing a hierarchical structure; however,
it becomes challenging to prioritize a large number of variables, as inconsistencies may arise in
expert judgments when the number of comparisons increases (Mangla et al., 2018). ANP allows
for the analysis of interdependencies among decision-making attributes and can help determine
priorities in complex systems. Nevertheless, it has notable drawbacks, including a heavy reliance
on expert opinion and increasing analytical complexity as more variables are introduced. Finally,
despite BWM being useful for pairwise comparisons, it involves a complex calculation process and
lacks the ability to determine a global optimal solution and was therefore not adopted in this study
(Liang et al., 2020).
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4. Empirical data collection

Empirical data refer to data obtained through observation and documentation of specific be-
haviors and patterns, or collected via experimentation, and can be either qualitative or quan-
titative (VandenBos, 2007; Adkins and Lury, 2009). In this study, we collected qualitative em-
pirical data from Chinese farmers. Shandong Province, China, was selected as the site for our
empirical data collection for several reasons. First, Shandong is one of China’s leading pro-
ducers and exporters of vegetables, renowned for both the superior quality and diversity of its
produce. In 2023, the province’s vegetable planting area reached 23.68 million mu, accounting
for 6.9% of China’s total, while its vegetable output totaled 92.72 million tons, equivalent to
11.19% of the national production (Zhao et al., 2023). Second, the province has seen widespread
adoption of AI-powered digital technologies in vegetable production. These include AI-enabled
robotic dogs for crop inspection, as well as electrified and smart greenhouse systems (People’s
Daily Online, 2025). Third, our strong professional ties with agricultural science scholars in Shan-
dong, established through collaborative projects such as the EU Horizon 2020 Programme, fa-
cilitated access to key stakeholders and supported our fieldwork activities. Given that our study
focuses on the challenges associated with adopting AI-enabled digital technologies in vegetable
farming, these enabling conditions provide a valuable foundation for generating meaningful in-
sights.

Two sampling techniques were employed to identify and select information-rich cases that are
highly relevant to the phenomenon under investigation. First, we adopted purposive sampling,
leveraging our existing connections with farms in Shandong Province to recruit suitable partici-
pants. To guide this process, three selection criteria were developed through a roundtable discus-
sion with the scholars involved in the project: (1) the selected farms must be medium- or large-sized
operations that have implemented AI-enabled digital technologies to support their agricultural ac-
tivities; (2) the farms must be crop-focused, as this study specifically concentrates on vegetable
farming; and (3) the participating farmers must have over 10 years of farming experience and
possess a solid understanding of AI, digital technologies, and smart agriculture, ensuring a high
level of expertise and professionalism. Drawing on our personal connections and our partner’s
local networks, we initially screened 26 crop farms across Shandong Province that were poten-
tially willing to participate in the study. However, some of these farms were either small-scale
operations with limited application of AI-enabled digital technologies or were unwilling to ac-
commodate field visits. As a result, 12 farms met the criteria and were retained for further en-
gagement. Subsequently, we disseminated information about the project through the farm’s in-
ternal WeChat working groups, and in some cases, relied on recommendations from farm man-
agers to identify and recruit interview participants. This process initially resulted in 18 participants.
At the end of each interview, we employed a snowball sampling strategy by asking participants,
“Do you know anyone who meets our selection criteria and might be interested in participat-
ing in this study?” Through this approach, an additional six participants were identified, bring-
ing the total sample size to 24. Table 2 presents detailed information about the interview partici-
pants.

Before conducting the interviews, we developed an interview guide through a roundtable discus-
sion with two experienced professors specializing in qualitative research. Based on this discussion,
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Table 2
Interviewee’s information

Farms Main businesses Interviewee (department and title)
Working
experience (years)

1 Chinese leaf Company director 18
Director of technology management 10

2 Tomato Founder of the farm 15
Co-founder of the farm 14

3 Mixed vegetables Director of quality management 12
Director of pest management 14

4 Mixed vegetables Director of maintenance 11
Director of quality management 16

5 Mushroom Director of technology management 15
Director of human resource management 17

6 Mixed vegetables Smart greenhouse operator 10
Smart greenhouse operator 10

7 Mixed vegetables Director of technology management 17
12Director of quality management

8 Cabbages Director of pest management 14
Director of planning 13

9 Onions and garlics Director of technology and knowledge
management

15

Director of training and education 16
10 Mixed vegetable Founder of the farm 22

Director of technology management 16
11 Mixed vegetables Director of pest management 14

Director of quality management 18
12 Chinese leaf Director of technology management 11

Director of production management 16

the guide was structured into three main sections (see Appendix 1): Section 1 focused on gathering
background information about the interviewees and their farms; Section 2 explored the current and
planned adoption of AI-enabled digital technologies; and Section 3 concentrated on the challenges
associated with adopting these technologies. To further validate the effectiveness of the interview
guide, we conducted pilot interviews with three Chinese farmers. The pilot interviews revealed the
need to include an additional question related to addressing environmental challenges and high-
lighted the importance of preparing a Chinese-language version of the interview guide to ensure
clarity and accessibility. As a result, an additional question was incorporated: “What recommen-
dations would you make to government bodies or industry stakeholders to tackle environmental
challenges?” The interview guide was shared with participants via WeChat three days prior to the
scheduled interviews, allowing sufficient time for them to prepare their responses. With participants’
consent, each interview was audio-recorded. Two Ph.D. students fluent in Chinese conducted the
interviews, ensuring effective communication and cultural sensitivity. Throughout the interviews,
probing questions were frequently employed to encourage participants to elaborate on or clarify
their responses when necessary.
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5. Data analysis and findings

This section outlines the steps involved in each data analysis method used in the study, including
thematic analysis, TISM, and fuzzy MICMAC analysis.

5.1. Identifying challenges through thematic analysis

The qualitative data collected through semi-structured interviews were first analyzed using the-
matic analysis. This approach followed five key steps: transcribing, familiarizing, coding, categoriz-
ing, and reporting. Each interview audio file was transcribed verbatim to ensure that no important
insights from participants were lost. The transcripts were then edited to remove irrelevant content,
such as off-topic conservations, filler words, and repetitive or unclear segments that did not con-
tribute meaningfully to the core discussion. Next, the cleaned transcripts were read multiple times
to build familiarity with the data prior to open coding. During the open coding stage, data rele-
vant to the challenges associated with the adoption of AI-enabled digital technologies in farming
were coded inductively. This process was supported by NVivo 13, a qualitative data analysis soft-
ware. Two Ph.D. students, who were also involved in the literature review, independently coded the
transcripts to ensure reliability. Inter-coder reliability was assessed to determine the level of agree-
ment between the two coders. The resulting score of 0.73 indicates a substantial level of agreement.
According to the classification by Landis and Koch (1977), a score between 0.61 and 0.80 reflects
substantial agreement, while scores between 0.81 and 1.00 indicate almost perfect agreement. This
process ensured consistency and robustness in the coding of the qualitative data. The initial first-
order codes were subsequently grouped into second-order themes, which were then further syn-
thesized into aggregate dimensions. These themes and dimensions were labeled using established
constructs drawn from both the TOE framework and the broader literature on AI adoption. An
iterative approach was adopted throughout the coding and categorizing processes, moving back
and forth between relevant theoretical insights and empirical data to refine both the codes (quotes
from interview transcripts) and the themes (identified challenges). In particular, prior research on
AI/I4.0 adoption challenges and digital transformation barriers in the agri-food sector (e.g., Costa
et al., 2023) provided valuable insights, while empirical studies utilizing the TOE framework (e.g.,
Govindan, 2023) helped to interpret the data within this theoretical framework. This iterative pro-
cess also enabled us to examine the relationships between codes and themes, as well as among
themes and aggregate dimensions. Finally, the findings of this analysis were compiled into a com-
prehensive report (see Table 3).

Our thematic analysis identified 13 challenges hindering the adoption of AI-enabled digital tech-
nologies in farming, ranging from insufficient baseline data for modeling to the absence of a com-
patible technology ecosystem. While the traditional TOE framework categorizes such challenges
into three dimensions, our findings revealed that individual-level factors also play a critical role.
Specifically, interviewees consistently emphasized that farmers’ knowledge, awareness, and skills
are essential for successful adoption. Therefore, we extended the categorization to four dimensions:
technology, organization, environment, and personal.
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Table 3
Challenges to the adoption of AI-enabled digital technologies in Chinese farms

First-order codes Second-order themes
Aggregate
dimensions

• “…its level of maturity still needs improvement.”
• “…the priority should be to develop simple,

user-friendly, and fool-proof equipment that is
easy to operate and accessible to a wider range of
users.”

Low maturity of AI-enabled
digital technologies (T1)

Technology

• “Another challenge that we face is the lack of
complete baseline data for modelling.”

• “The absence of a standard, widely applicable
measure of technological practicality hinders
consistent adoption.”

Insufficient baseline data for
modeling (T2)

• “Because we lacked sufficient baseline data from
the outset, the early models we developed, and the
intelligent agricultural systems designed to
manage crops were significantly limited in their
accuracy and effectiveness.”

Low accuracy and
effectiveness of AI-enabled
agricultural systems (T3)

• “…and large-scale production of the equipment
has not yet achieved economies scale.”

High cost of technology (T4)

• “The maintenance costs of AI-enabled digital
technologies are relatively high.”

High maintenance cost (T5)

• “The alignment of related fields such as pesticide
application, requires a gradual and coordinated
process.”

• “If a particular technology is highly advanced in
one aspect but lacks a practical and compatible
implementation pathway, its value becomes
diminished.”

Lack of a compatible
technology ecosystem (T6)

• “…without a clear understanding of AI-enabled
digital technology.”

• “As a result, there is a lack of a management
culture that is rooted in, or driven by, digital
technology.”

Lack of digital technology
management culture (O1)

Organization

• “The cost and infrastructure required for adopting
AI-enabled digital technologies are relatively high.

• “…or farmers who have only recently started
operations, financial constraints make it difficult
to invest in such equipment.”

Unclear about return on
investment (O2)

Continued
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Table 3
(Continued)

First-order codes Second-order themes
Aggregate
dimensions

• “Another issue is the low level of soil
standardization. For example, AI-enabled
agricultural machinery often lacks the
adaptability needed to operate effectively on
different soil types, such as clay and sand.”

Poor soil/farmland
standardization (E1)

Environment

• “In the past, agricultural technology promotion
departments served as a crucial intermediary,
bridging advanced technologies with grassroots
farming practices.”

• “However, many of these agricultural technology
stations now exist in name only, with their
functions significantly weakened or absent.”

Absence of effective
intermediaries in
promoting agricultural
technology (E2)

• “This support is not universally accessible but
rather depends on personal relationships, which
hinders the effective application and widespread
adoption of technology.”

Access to government
subsidies often depends on
guanxi (E3)

• “Most current farmers are over 45 years old, with
the average age around 55.”

• “…their knowledge structure remains relatively
limited, particularly in areas such as model
application…”

Farmer’s knowledge structure
remains limited (I1)

Personal

• “Currently, farmers have limited understanding of
the technology, which creates a psychological
barrier…”

• “When water and fertilizer are managed
automatically and accurately, farmers may feel
that the automated system does not provide the
same care or attention to the plants as manual
methods.”

Psychological barrier in the
application of technology
(I2)

5.2. Establishing interrelationships between challenges through TISM

The challenges identified through thematic analysis were utilized as inputs for the TISM analysis.
These challenges were systematically allocated into different levels of a hierarchical framework to
explore and understand their interrelationships. The implementation of TISM followed a structured
nine-step process, which included:
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1. Identification and definition of challenges for analysis: 13 challenges to the adoption of AI-
enabled digital technologies in farms were identified and used as inputs to process TISM (see
Table 3).

2. Definition of contextual relationships between identified challenges: The contextual relation-
ship between two elements depends on the nature of the structure being analyzed. For example,
when dealing with problems, opportunities, or objectives, the relationship might be defined as:
element A causes/enhances/achieves element B. In the context of challenges, the relationship is
interpreted as challenge A leads to or causes challenge B.

3. Interpretation of relationships between identified challenges: This step involves clarifying and
interpreting the nature of the contextual relationships between challenges. To achieve this, three
experts, each with over 30 years of experience collaborating with the agri-food industry and pre-
viously involved in the semi-structured interviews, were consulted. They were asked to evaluate
the relationships between pairs of identified challenges. The majority opinion among the experts
was adopted to determine whether a relationship existed. In cases where a relationship was con-
firmed, an additional interpretive question was posed: “In what way does challenge A leads to
or causes challenge B?” This approach not only validated the presence of relationships but also
provided deeper insights into the underlying mechanisms linking the challenges.

4. Interpretive logic of the pair-wise comparison: An interpretive logic-knowledge base was devel-
oped for a pairwise comparison of the 13 identified challenges. This resulted in a total of 156
(i.e., 13*13 − 13 = 156) rows in the knowledge base for implementing this study. For each pair,
expert judgment was used to determine whether a contextual relationship exists. If a relation-
ship was identified, it was marked as “Yes,” and a corresponding interpretive explanation was
provided to elaborate on how one challenge leads to or causes the other. If no relationship was
identified, it was marked as “No,” and no further interpretation was required.

5. Reachability matrix and transitivity check: An initial reachability matrix was constructed based
on the interpretive logic-knowledge base by assigning a value of “1” for each pair of challenges
where a relationship was identified (“Yes”) and “0” where no relationship was found (“No”) (see
Appendix 2). This initial matrix was then evaluated for transitivity, a fundamental principle in
TISM. According to the transitivity rule, if challenge A is related to challenge B, and challenge
B is related to challenge C, then it is inferred that challenge A is also related to challenge C. The
matrix was updated iteratively to reflect all such transitive relationships until full transitivity was
achieved, resulting in the final reachability matrix (see Table 4).

6. Level partition of the reachability matrix: The final reachability matrix was utilized to deter-
mine the hierarchical level of each identified challenge through iterative level partitioning. This
process involved calculating the reachability set (all challenges that can be reached from a given
challenge) and the antecedent set (all challenges that lead to a given challenge) for each chal-
lenge. The intersection set of these two was then used to assign levels. Challenges for which the
reachability and intersection sets were identical were placed at the topmost level in that iteration.
This process was repeated until levels were assigned to all challenges. The detailed partitioning
process is illustrated in Appendix 3.

7. Development of the digraph: For visualization purposes, the 13 challenges to the adoption of
AI-enabled digital technologies were represented using a digraph. In this digraph, direct links be-
tween challenges were drawn according to the relationships established in the final reachability.
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Table 4
Final reachability matrix

T1 T2 T3 T4 T5 T6 O1 O2 E1 E2 E3 I1 I2

T1 1 1* 1 1* 1 1 0 1* 0 0 0 0 1*
T2 1 1 1 1* 1* 1* 0 1* 0 0 0 0 1*
T3 0 0 1 0 0 1 0 0 0 0 0 0 1
T4 1* 1 1* 1 1* 1* 0 1 0 0 0 0 1
T5 1* 1* 1* 1 1 1* 0 1* 0 0 0 0 1
T6 0 1 0 0 1 1 0 0 0 0 0 0 0
O1 1* 1 1* 1* 1* 1 1 0 0 0 0 0 1
O2 0 0 0 0 0 1 0 1 0 0 0 0 1
E1 0 0 1 0 0 0 0 0 1 0 0 0 1*
E2 1* 1 1 1 1* 1 1 1 0 1 0 1 1
E3 1 1 1 1 1 1 0 1* 1 0 1 0 1*
I1 1* 1* 1* 1* 1* 1* 1 1 0 0 0 1 1
I2 0 1 0 0 0 0 0 0 0 0 0 0 1

To distinguish between direct and transitive links, dotted lines were used to represent significant
transitive links, those derived from the application of transitivity rather than direct expert input.

8. Development of the interaction matrix: The final digraph was translated into a binary inter-
action matrix, where all identified interactions between challenges were represented by entries
of “1.” Each cell containing a “1” indicates the presence of a relationship between the corre-
sponding pair of challenges. These interactions were then interpreted by referencing the relevant
interpretations from the interpretive logic-knowledge base.

9. A total interpretive structural model of challenges: The TISM model of challenges was devel-
oped by integrating both the connective and interpretive information derived from the interpre-
tive direct interaction matrix and the digraph. Each link within the model is accompanied by
its corresponding interpretation, positioned alongside the respective connections. This leads to
a total interpretation of the structural model encompassing both the nodes (challenges) and the
links (relationships), thereby offering a comprehensive understanding of the hierarchical and
causal structure among the identified challenges.

Our analysis of the challenges led to the development of a TISM hierarchical model comprising
six levels (see Fig. 2). At the base of the hierarchy lies the absence of effective intermediaries
in promoting agricultural technology (E2), whereas the top level is occupied by the lack of a
compatible technology ecosystem (T6) and psychological barrier in the application of technology
(I2). The remaining challenges are distributed across Levels II to V. Farmer’s knowledge structure
remains limited (I1), primarily due to the lack of accessible and diverse channels for acquiring
up-to-date knowledge. One interviewee stated that “Currently, our most pressing challenge is the
need to improve the overall quality of growers. In recent years, many young people have migrated
to urban areas for work, leaving behind an aging farming population. This demographic tends to
struggle with adopting new knowledge and technologies. While limited training available, their limited
educational background and deeply rooted beliefs make it difficult for them to embrace change.”
The aging farming population, coupled with their limited knowledge structure, has contributed to
the absence of a digital technology management culture (O1) in most farming organizations and
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Fig. 2. TISM model of challenges.

agricultural parks. One interviewee highlighted that “The knowledge and technological competencies
of managers are often insufficient, leading to a significant cognitive gap. Many farms operate primarily
from a capital-driven perspective, lacking both an understanding of digital technologies and a culture
that supports digital technology-based management.” The lack of a digital technology management
culture (O1), combined with the reliance on guanxi (E3) for accessing government subsidies, has
led to a range of technological and environmental challenges. These include the low maturity of
AI-enabled digital agricultural technologies (T1), insufficient baseline data for modeling (T2),
high technology costs (T4), high maintenance expenses (T5), and poor soil and farmland stan-
dardization (E1). Farmers are still in the early stages of adopting AI-enabled digital agricultural
technologies. One major limitation is the insufficient availability of baseline data, as agriculture
is a subject that involves numerous environmental changes over extended periods. Consequently,
the initial models integrated into these digital technologies often lack the accuracy and reliability
needed for decision-making. Farmers often criticize the quality of such technologies, pointing to
their limited precision and practical utility. For example, in the case of AI-enabled automated
precision water and fertilizer management systems, many farmers found the automatic irrigation
function inadequate and chose to revert to manual operation. Moreover, the significant investment
required to adopt AI-enabled digital agricultural technologies leaves many farmers uncertain about
the return on investment (O2). This uncertainty has led to limited willingness among farmers to

© 2026 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.

 14753995, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/itor.70206 by Sw

ansea U
niversity Inform

ation, W
iley O

nline L
ibrary on [15/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



G. Zhao et al. / Intl. Trans. in Op. Res. 0 (2026) 1–43 23

adopt such technologies. As a result, technology manufacturers face constrained revenue streams,
hindering their ability to further develop and sustain a robust technology ecosystem.

5.3. Clustering challenges through fuzzy MICMAC analysis

In the TISM analysis of challenges to the adoption of AI-enabled digital agricultural technologies,
we used binary values, such as “0” and “1” to represent the relationships between challenges. A
value of “1” indicates the presence of a relationship, while “0” denotes its absence. However, this
binary approach has been criticized for its lack of accuracy (Yadav and Barve, 2016; Zhao et al.,
2024c), as it fails to account for the varying strength of relationships, some of which may be weak,
strong, or particularly strong. To address this limitation and enhance the sensitivity of our analysis,
we applied fuzzy MICMAC analysis to evaluate the TISM model and classify the challenges more
effectively. The development of the fuzzy MICMAC analysis involves three key steps.

1. Development of the binary direct relationship matrix: A binary direct relationship matrix was
constructed by setting the diagonal entries to zeros and disregarding transitivity links present in
the final reachability matrix of the identified challenges.

2. Construction of the fuzzy direct relationship matrix: Fuzzy set theory was employed to assess
the strength of relationships between identified challenges on a scale ranging from 0 to 1, where:
no relationship = 0, very low = 0.1, low = 0.3, medium = 0.5, high = 0.7, very high = 0.9,
and complete = 1. Experts who participated in the TISM analysis were asked to evaluate the
strength of relationships between each pair of challenges. Based on their judgments, these fuzzy
values were superimposed onto the binary direct relationship matrix to develop the fuzzy direct
reachability matrix (see Appendix 4).

3. Generation of fuzzy MICMAC stabilized matrix: We adopted the principle of fuzzy matrix mul-
tiplication proposed by Kandasamy et al. (2007) to guide the iterative multiplication process
and achieve a stabilized matrix. Fuzzy matrix multiplication is essentially a generalization of
Boolean matrix multiplication. According to fuzzy set theory, the outcome of two fuzzy matri-
ces results in another fuzzy matrix. This multiplication is repeated until the values of driving
power and dependence power reach a stable state. Driving power and dependence power are cal-
culated by summing the interaction values across rows and columns, respectively. The formula
used for fuzzy matrix multiplication is presented as follows:

C = A, B = maxk
(
min

(
aik,bkj

))
, whereA = [aik] andB = [

bkj
]

We then used the MATLAB to perform the matrix calculations based on the aforementioned
multiplication rule, resulting in a stabilized matrix, as presented in Table 5. Driving power refers to
a challenge’s ability to influence or trigger other challenges; challenges with higher driving power
exert greater influence across the system. Dependence power, on the other hand, indicates the extent
to which a challenge relies on other challenges to be achieved; challenges with higher dependence
power are more reliant on the resolution of others.
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Fig. 3. Classification of challenges.

Figure 3 illustrates the classification of 13 challenges based on their respective driving and de-
pendence power. These challenges are grouped into four distinct clusters: independent, linkage,
dependent, and autonomous.

Independent challenges are characterized by high driving and low dependence power. They typ-
ically appear at the lowest level in the TISM hierarchy model. This cluster includes challenges
such as the absence of effective intermediaries in promoting agricultural technology (E2), farmer’s
knowledge structure remains limited (I1), lack of a digital technology management culture (O1),
and access to government subsidies often depends on guanxi (E3). These challenges serve as foun-
dational drivers, influencing and enabling the emergence of other challenges within the system.
For example, reliance on guanxi to access to government subsidies (E3) is a widespread cultural
issue in China, which can trigger other challenges such as the high cost of technology adoption,
elevated maintenance expenses, and inadequate standardization of soil and farmland. More specif-
ically, many Chinese farmers depend heavily on government investment to develop high-standard
farmland, making it essential for them to establish and maintain relationships with key government
officials. Since guanxi is rooted in cultural norms, access to government subsidies often depends on
guanxi (E3), which is not triggered by other challenges within the system but instead acts as a driver
influencing others, making it an independent challenge.

Dependent challenges, such as unclear about return on investment (O2), low accuracy and ef-
fectiveness of AI-enabled agricultural systems (T3), lack of compatible technology ecosystem (T6),
and psychological barriers in the application of technology (I2), are characterized by high depen-
dence power and low driving power. These challenges typically occupy the highest level in the TISM
hierarchy, as they are outcomes influenced by multiple other challenges rather than acting as ini-
tiators themselves. For example, AI-enabled digital agricultural technologies are often criticized by
farmers for their lack of accuracy and effectiveness. This is primarily because AI systems cannot
account for all agricultural conditions, and the models they rely on require the accumulation of
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multi-parameter data over many years to perform reliably. Some farmers may initially express con-
fidence in using AI-enabled digital agricultural technologies, but over time, their trust may diminish
due to persistent issues with accuracy and effectiveness.

Linkage challenges are characterized by both high driving and high dependence power, typically
positioned at the intermediate levels of the TISM hierarchy. In this study, four linkage challenges
were identified as critical connectors between independent and dependent challenges: low maturity
of AI-enabled digital technologies (T1), insufficient baseline data for modeling (T2), high cost of
technology (T4), and high maintenance cost (T5). These factors jointly influence the adoption of
AI-enabled agricultural technologies, as most farmers demonstrate low willingness to adopt them
due to the significant costs involved and the perceived immaturity of the technologies.

Autonomous challenges are characterized by low driving and dependence power. These chal-
lenges are generally isolated within the system and have a minimal influence on or interaction
with other challenges. In this study, only one autonomous challenge was identified: poor soil and
farmland standardization (E1). As shown in the TISM hierarchy model, this challenge exhibits
limited connections with other challenges in the system, reinforcing its autonomous nature.

6. Discussion

In this section, we compare our findings with existing literature to highlight our contributions to
both academic knowledge and managerial practice. We then discuss the limitations of our study
and propose directions for future research.

Our findings identify 13 challenges to the adoption of AI-enabled digital technologies on farms.
Although many of these have been recognized in existing literature, we also uncover several novel
challenges. Therefore, the first contribution of this study is the identification of adoption challenges
that have received limited attention in prior research, such as reliance on guanxi for accessing gov-
ernment subsidies, poor soil and farmland standardization, insufficient baseline data for modeling,
and the absence of effective intermediaries in promoting agricultural technologies. For example,
Srinivasan and Yadav (2024) describe cultural barriers as a lack of awareness and education. Our
study offers a different perspective that cultural issues in our context are more deeply rooted in
social practices, particularly the reliance on guanxi, which can influence access to government sub-
sidies. This highlights how cultural barriers can manifest differently across regions and agricultural
systems. Costa et al. (2023) identified 12 barriers to the adoption of I4.0 technologies in the agricul-
tural sector, including a lack of government support, psychological resistance, unreliability of spe-
cific technologies, and unstable Internet services. Our findings align with their study in several areas,
particularly regarding farmers’ reluctance to adopt advanced technological innovations and con-
cerns about the reliability of certain high-sensitivity technologies. However, our study also reveals
notable differences. In our context, government support for the adoption of advanced technologies
is evident, and Internet infrastructure is generally reliable, indicating that these factors do not pose
significant barriers. Compared with prior studies, our findings highlight context-dependent chal-
lenges that are deeply rooted in China’s agricultural ecosystems, thereby offering novel insights.

The hierarchical organization of challenges into different layers of a framework constitutes an
additional contribution, enabling us to identify key challenges and reveal their contextual interde-
pendencies. Our findings highlight the absence of effective intermediaries in promoting agricultural
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technology as a key challenge that warrants critical attention. At present, Chinese farmers primar-
ily rely on two channels to obtain information about digital agricultural technologies: technology
manufacturers and agricultural research institutes. However, both channels are limited in effectively
promoting agricultural technology. Farmers often distrust technology manufacturers, as they tend
to promote only their own AI-enabled digital technologies. While agricultural research institutes
excel in research, they are less effective in providing knowledge and technology extension services.
For example, they are often criticized for producing work that is “very theoretical and disconnected
from reality.” Although these institutes offer technology and knowledge extension services, there
is frequently tension between researchers and extension personnel, with each side blaming the
other for shortcomings. Government-owned agricultural technology and skill extension stations
are widely established; however, in practice, many exist in name only. As one interviewee noted:
“We used to have an intermediary called the agricultural technology and skills extension department,
which connected technology providers with farmers. But now, these agricultural technology and
skills extension stations exist in name only.” This perspective contrasts with most existing studies,
which identify financial constraints (Ganeshkumar et al., 2023), insufficient information about
technologies and incompatibility with traditional farming practices (Chanchaichujit et al., 2024),
and a lack of government support, incentives, and clear policies or protocols (Kumar et al., 2021)
as the most critical barriers. These differences may be attributed to the socio-economic and policy
environments of the country under investigation. Since 2004, the Chinese government has ad-
dressed farmers’ and rural-related issues through its annual “No. 1 Central Document,” signaling
the central government’s priority on these matters. More recently, the government has strongly
promoted the integration of AI into agriculture, focusing on areas such as precision farming, smart
irrigation, and drone-based crop management (Li, 2025). To facilitate the adoption of advanced
agricultural technologies, China has also implemented large-scale training and education programs
for a new generation of farmers to support the modernization of agriculture, beginning with the
13th Five-Year Plan (The State Council, 2020). These policies and support measures have shaped
the unique set of key challenges in China, differentiating them from those faced in other coun-
tries when adopting AI-enabled digital agricultural technologies. Regarding the interconnections
between different challenges, our findings also demonstrate novelty. For example, Silveira et al.
(2023b) argued that problems in education may lead to a lack of digital skills. By contrast, our
findings suggest that the absence of effective intermediaries’ limits farmers’ knowledge. The former
reflects the Brazilian context, where large-scale education and training opportunities are limited,
whereas the latter reflects the Chinese context, where more practical, hands-on education, and
training are required. According to the latest data from The State Council (2020), China has
trained a total of five million high-quality farmers, directly developed 110,000 rural practical
talent leaders and, for the first time, expanded enrolment in agriculture-related higher vocational
education for farmers by 35,000. It is expected that more individuals will receive relevant training
and education as China allocates increasing financial resources to agricultural modernization.
Srinivasan and Yadav (2024) suggested that cultural barriers may lead to ineffective policy and
regulation implementation and weak institutional support. Our study does not support this
claim in the Chinese context. China’s hierarchical cultural value orientation emphasizes fulfilling
obligations within a hierarchical system (Schwartz, 2006), which ensures that central government
policies and regulations are effectively implemented. The second contribution of this study lies in
developing a hierarchical framework of challenges, identifying key challenges, and explaining their
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interrelationships through contextualized knowledge, thereby providing in-depth insights into why
these challenges arise in the adoption of AI-enabled digital technologies in Chinese farms.

Finally, our classification of challenges into four distinct clusters presents a novel contribution
to existing literature, as it enables us to distinguish between root causes and consequential effects.
It indicates that environmental challenges, which are deeply embedded in external cultural and
policy contexts, can drive challenges at the individual, organizational, and technological levels.
Consequently, environmental challenges such as the absence of effective intermediaries for promot-
ing agricultural technology and the reliance on guanxi to access government subsidies exhibit the
highest driving power and function as independent challenges. For example, in China, AI-enabled
digital technologies are typically adopted by farms with more than 200–300 hectares of farmland,
as these technologies are expensive. These large farms depend heavily on government subsidies,
which serve as an effective tool for achieving national food security and providing income sup-
port (Li et al., 2022). Consequently, building and maintaining guanxi with key government officials
becomes critical for them. Even small- and medium-sized farms, they also need to cultivate guanxi
with officials, as they operate in a hierarchical cultural environment. Although China has estab-
lished agricultural technology extension hubs across the country, they now largely exist in name
only. As noted by one of our interviewees: “For technical services and the application of technical
equipment, such an intermediary link is necessary. If it is not restored, agricultural extension will face
great difficulties.” Without appropriate intermediaries to promote agricultural technology, farm-
ers may have limited knowledge and therefore limited opportunities to apply relevant technologies.
The situation is further exacerbated by China’s reliance on imported AI-enabled digital technolo-
gies, which are often not well-suited to the country’s agricultural context. This mismatch has led
to low accuracy and effectiveness, as well as the absence of a compatible technology ecosystem.
Consequently, it is understandable that farmers develop psychological barriers, which emerge as
one of the dependent challenges. Our classification of challenges differs from similar studies. For
example, Silveira et al. (2023b) argued that technological, economic, and social barriers act as in-
dependent challenges, whereas political and environmental barriers serve as dependent challenges.
Their findings contrast with ours because their study focused on Brazil, employed a different ty-
pology for classifying challenges, and did not apply a theoretical framework. Hasteer et al. (2024)
shared a similar perspective with our study, suggesting that adverse climatic conditions and lack
of skilled workforce function as independent challenges, whereas low precision and accuracy, re-
luctance to implement advanced technologies, and high costs operate as dependent challenges. We
assumed that they identified adverse climatic conditions as an independent challenge because such
conditions can directly damage AI equipment and undermine its effectiveness. This differs from our
context, as most AI equipment in China is deployed in intelligent greenhouses, which are protected
by glass structures. Senna et al. (2022) identified lack of knowledge and lack of interoperability
capability as linkage challenges, whereas the need for high-level investments was categorized as a
dependent challenge. Our study partially supports their argument, as we found that technology-
related challenges such as insufficient baseline data for modeling function as linkage challenges
that negatively influence farmers’ user experience. This issue arises because most AI-enabled digi-
tal technologies are imported from other countries, where the AI models were trained on foreign
datasets that may not align with China’s agricultural context. The next contribution of this study is
the classification of the 13 identified challenges according to their driving and dependence power,
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along with an interpretation of these classifications within China’s socio-cultural and technological
context.

6.1. Theoretical contributions

The TOE framework has been widely applied in the literature to examine the adoption of tech-
nological innovations across various contexts. For example, Malik et al. (2021) explored factors
influencing blockchain technology adoption in the Australian context, Shahadat et al. (2023) inves-
tigated digital technology adoption in SMEs within emerging economies, and Yin (2023) examined
the relationship between digital transformation and green innovation using the TOE framework.
While the TOE framework has been extensively used to understand technology adoption across
different disciplines and settings, its application in investigating the adoption of AI-enabled digi-
tal technologies within the farming sector remains limited. This study takes an important initial
step in addressing this gap by reorganizing the traditional TOE framework into a P-TOE frame-
work and highlighting the critical role of specific knowledge and technical skills in the adoption
of AI-enabled digital technologies in agricultural contexts. Specifically, this study identifies two key
individual-level challenges: the limited knowledge structure of farmers and psychological barriers
to technology application. As such, we reorganize the traditional TOE framework into a P-TOE
framework, where the “P” dimension stands for “People” and captures individuals’ experiences,
knowledge, and skills. Experience refers to the accumulated exposure to situations, practices, and
problem-solving in specific contexts (Kolb, 1984). Knowledge represents familiarity, awareness, or
understanding of a subject (Nonaka and Takeuchi, 1995), while skills are practical capabilities that
enable individuals to effectively apply knowledge in practice (Boyatzis, 2008). Previous theoretical
frameworks have also incorporated individual-level factors that influence the adoption of digital
technologies in agriculture. For example, Mohr and Kuhl (2021) applied TAM and the theory of
planned behavior to examine the acceptance of AI in German agriculture, finding that personal at-
titude, perceived behavioral control, and personal innovativeness significantly shape AI adoption.
Kaushik et al. (2024) combined TAM and UTAUT to model challenges of technology adoption in
dairy farming but only considered one individual-level factor: low awareness. Mallinger and Baeza-
Yates (2024), adopting a socio-technological-ecological approach, emphasized limited farmers ac-
cess to knowledge as a social challenge. Similarly, Balasooriya and Sedera (2025) used the TOE
framework to explore top management challenges in adopting AI in Australian agribusiness. While
they identified resistance to change and limited knowledge/expertise as individual-level challenges,
these were classified as organizational and technological barriers, respectively. Saad et al. (2024)
developed a model of IoT adoption determinants using the TOE framework; however, individual-
level factors were clearly overlooked in their analysis. Although prior studies have recognized var-
ious individual-level factors that hinder the adoption of digital technologies in agricultural, such
factors have not been explicitly represented within the theoretical frameworks applied. Given that
individuals are playing an increasingly important role in applying digital technologies, overlooking
individual-level factors may result in an incomplete understanding of adoption challenges. There-
fore, explicitly incorporating individual-level challenges into the analysis provides a more holistic
perspective that complements technological, organizational, and environmental dimensions. Thus,
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we reorganized the traditional TOE framework into a P-TOE framework by explicitly adding the
personal (P) dimension.

6.2. Managerial contributions

Our study also provides practical managerial implications for farmers, technology manufacturers,
and governments, aimed at facilitating the adoption of AI-enabled digital technologies in agricul-
ture.

Regarding managerial implications for farmers, we suggest that they should actively engage in
networking or building guanxi with key government officials who hold authority over resource
(e.g., subsidies) allocation. Although subsidies are formally available to support the adoption
of AI-enabled digital technologies, access is frequently shaped by personal connections (guanxi)
rather than solely by objective eligibility criteria. This may be attributed to China’s hierarchical
cultural environment (Schwartz, 2006), in which governance is structured across multiple levels of
government that hold considerable authority in resource allocation. Moreover, in this cultural
environment, social power, obedience, and wealth are highly valued, while competition is viewed
positively. Consequently, it is not surprising that individuals seek to establish relationships with
key government officials. Our TISM and fuzzy MICMAC analysis further indicate that access to
government subsidies often depends on guanxi, which emerges as an independent challenge not in-
fluenced by other challenges in the system. Practical measures for building guanxi with government
officials include participating in official events such as training workshops, inviting local officials
to visit farms during demonstration days, and aligning farm’s activities with government priorities.

Regarding managerial implications for technology manufacturers, we suggest that they should
enhance AI-enabled digital agricultural technologies by improving their effectiveness and accuracy,
while also reducing costs, including maintenance expenses. In this study, we identified six challenges
within the technological dimension. These challenges arise for several reasons. First, China relies
heavily on smart agricultural technologies imported from countries such as France, the Nether-
lands, Israel, and Japan, as confirmed by our interviewees: “In recent years, many technologies have
mainly been introduced from Europe (France and the Netherlands), Israel, and also from neighbour-
ing countries such as Japan.” However, these technologies are often not well-suited to the Chinese
agricultural context, as the underlying AI models are trained on foreign datasets. Second, while
some domestic manufacturers have developed AI-enabled digital agricultural technologies tailored
to local conditions, the AI models remain underdeveloped due to insufficient training data: “There-
fore, during the 11th Five-Year Plan period, we also put information and automation management in
this area on the agenda. In fact, we have only just started in this regard.” Third, as AI-enabled digital
technologies are still emerging, they have yet to achieve economies of scale, resulting in high ac-
quisition and maintenance costs. Therefore, we suggested several practical measures to tackle these
challenges including (1) continuously refining AI models and improving technology performance
through the collection and analysis of farm usage data; (2) designing equipment and software that
can be upgraded or customized without replacing entire systems; (3) building partnerships with
local technicians or agri-tech consultants to provide on-the-ground support and training; (4) in-
troducing leasing, subscription, or pay-per-use models to reduce upfront cost barrier for farmers;
and finally (5) given that the majority of Chinese farmers are over 50 years old and often face
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difficulties in acquiring new knowledge or adapting to emerging technologies, it is essential to de-
velop interfaces that are intuitive, ensuring that these technologies are easy to adopt and operate.

Regarding managerial implications for Chinese governments, we offer several practical sugges-
tions. First, Chinese governments currently allocate subsidies to farmers based on farmland area,
a practice that has been widely criticized for potentially favoring those with strong guanxi with key
government officials rather than distributing support solely based on objective criteria. To miti-
gate this issue, we suggest that governments consider shifting subsidy allocation toward technology
manufacturers, using performance-based metrics such as the number of units sold or adopted by
verified farmers. This approach could ensure a more equitable distribution of resources and en-
courage manufacturers to promote adoption across a wider range of farming communities. Sec-
ond, in China, technological services are currently delivered directly by technology manufacturers
or agricultural research institutes. This fragmented approach may lead to distrust among farmers,
as each manufacturer operates its own extension services, often promoting proprietary solutions.
The situation can be further exacerbated when conflicts arise between farmers and technology man-
ufacturers. Thus, we recommend governments establish non-profit agricultural technology exten-
sion hubs to support and accelerate the adoption of advanced technologies. Such hubs could serve
as neutral intermediaries, connecting farmers with multiple manufacturers and offering unbiased
guidance on the adoption of appropriate agricultural technologies. Third, given the vast scale of
China and the dispersed nature of its farming population, to ensure that farmers across different
regions have access to relevant and timely information, we suggest that governments develop dig-
ital platforms, such as traceability systems and supply-and-demand information platforms. These
platforms can enhance real-time information sharing, promote transparency, and support better
decision-making among farmers. Moreover, the implementation of such platforms offers a valu-
able opportunity to observe and assess farmers’ responses to the adoption of AI-enabled digital
agricultural technologies. Finally, the age profile of Chinese farmers presents a significant barrier
to the adoption of AI-enabled digital technologies. As a result, traditional theory-based knowl-
edge dissemination models may have limited effectiveness in this context. We recommend govern-
ments adopt practical, hands-on training programs tailored to this demographic. Demonstration-
based learning, peer-to-peer mentoring, and field-based workshops can provide more accessible
and relatable ways for older farmers to understand and engage with AI-enabled digital agricultural
technologies.

6.3. Limitations and future research directions

This study is not without limitations. First, this study has a generalizability limitation, as the
research was conducted solely within the context of China. We acknowledge that China’s unique
institutional and cultural characteristics may shape the adoption of AI-enabled digital technologies
in agriculture. For example, China’s cultural value orientation emphasizes hierarchy, which can en-
courage farmers to cultivate guanxi with government officials to access resources that support farm
development. Consequently, access to government subsidies may depend on guanxi, presenting a
contextual challenge that may not exist to the same extent in other countries. Future research could
enhance external validity by examining whether the identified challenges, their interrelationships,
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and their relative importance hold in other national or regional contexts through survey-based
approaches. For example, comparative studies could investigate contexts with similar cultural value
orientations, such as Thailand (Schwartz, 2006), or contrast them with countries (e.g., France)
characterized by different institutional and cultural settings.

Second, this study employs TISM and fuzzy MICMAC analysis to explore the interrelation-
ships among challenges and to determine their relative importance. Specifically, TISM was used
to allocate the 13 identified challenges across different levels of a hierarchical framework, while
fuzzy MICMAC analysis was subsequently applied to categorize these challenges based on their
dependence and driving power. While these methods provide valuable insights by developing a hi-
erarchical structure of challenges, they offered limited ability to capture the degree and direction of
influence among the identified challenges. Future research could consider alternative multi-criteria
decision-making techniques, such as fuzzy DEMATEL, to further examine the causal relationships
between challenges and validate or refine the findings. DEMATEL is widely used to quantify both
the strength and direction of influence among factors. For example, Feng et al. (2024) applied a
DEMATEL-ISM-MICMAC approach to identify critical factors influencing digital innovation in
manufacturing enterprises, while Susanty et al. (2025) employed DEMATEL and ISM to map bar-
riers to digital adoption in micro and small enterprises. Integrating TISM, fuzzy MICMAC, and
fuzzy DEMATEL could help balance the limitations of individual techniques, enhance theoretical
rigor, and strengthen the explanatory power of future studies.

Third, our study does not track organizations over time and therefore cannot directly observe
how changes in one challenge may influence others within the system. For example, although this
study identifies the absence of effective intermediaries in promoting agricultural technologies as a
key challenge, whether such an absence genuinely reshapes farmers’ knowledge structures remains
underexplored. Instead, this study relies on expert assessments to evaluate the interrelationships
among challenges. Future research could adopt longitudinal research designs by embedding re-
searchers within the managerial teams of farms that are willing to adopt AI-enabled digital tech-
nologies. Such approaches would enable researchers to observe how changes in one challenge trig-
ger or reshape other challenges over time. Repeated observations and interviews with the same
informants would provide deeper insights into the dynamic processes through which farmers navi-
gate and overcome challenges associated with technology adoption. As noted by Ployhart and Van-
denberg (2010), longitudinal approaches enable researchers to observe individuals over prolonged
periods of time, which is particularly valuable for evaluating relationships among risk factors and
for establishing sequence of events.

Finally, our study developed a hierarchical framework to understand the interrelationships
among challenges using TISM and categorized these challenges through fuzzy MICMAC analy-
sis. Since TISM and fuzzy MICMAC are widely regarded as qualitative techniques (Zhao et al.,
2020), statistically verifying these interrelationships would further enhance the rigor and credibility
of the study. Moreover, multi-level hierarchical models are often complex and may involve cyclical
connections among factors. Accordingly, Yang et al. (2024) suggest transforming such hierarchical
models into system dynamics causal loop diagrams to better capture feedback mechanisms. Future
research could therefore employ system dynamics modeling to quantitatively validate these inter-
relationships. System dynamics modeling is a well-established methodology for modeling complex
systems and quantifying complex feedback in system interactions (Forrester, 1994).
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7. Conclusion

AI-enabled digital technologies remain a “blue ocean” of opportunity for farmers, characterized
by high entry barriers but vast untapped potential. This study offers valuable insights into navi-
gating this landscape by examining the challenges associated with adopting these technologies on
farms. Our key findings differ from those of previous studies by emphasizing financial constraints,
policy-related issues, and infrastructural deficiencies as the most critical challenges to adoption. In
doing so, we make a unique contribution to the existing body of knowledge while addressing the
three proposed research questions. First, this study identifies 13 challenges to the adoption of AI-
enabled digital technologies on Chinese farms and categorizes them into four dimensions: personal,
organizational, environmental, and technological. Amongst these challenges, several are novel to
agri-food industry research and practice, such as poor soil and farmland standardization and the
reliance on guanxi for accessing government subsidies. Second, we develop a hierarchical frame-
work to uncover the interrelationships among these challenges, based on the premise that each
challenge may have the potential to trigger others, albeit with varying degrees of influence. Third,
while farmers face multiple challenges to adoption, it is essential to determine which challenges
should be prioritized. Our findings reveal that the absence of effective intermediaries in promoting
agricultural technologies plays a pivotal role in exacerbating other challenges within the system
and thus should be addressed as a priority. Furthermore, the study reflects the reality that many
medium- and large-sized farms in China, typically operating over 200 hectares of farmland, possess
sufficient financial resources to adopt such technologies. However, adoption remains low primar-
ily due to a lack of relevant knowledge and limited understanding of AI-enabled solutions rather
than financial constraints alone. Although our study extends scholars’ understanding of the chal-
lenges associated with adopting AI-enabled digital technologies on farms, it also highlights action-
able directions for future research. These include broadening the contextual scope, adopting lon-
gitudinal approaches, and employing mixed-method designs to further advance knowledge in this
area.
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Appendix 1: Interview guide

Section 1 Introductory questions

A. Interviewee background information
1. What is your current role or designation on the farm?
2. Can you briefly describe your key responsibilities within the farm’s operations?
3. How long have you been working on this farm?
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4. How many years of experience do you have in agriculture or related fields?
B. Farm background information

1. Could you provide an overview of the farm’s structure and operations (e.g., locations, depart-
ments, number of employees, and main businesses)?

Section 2 Current and planned adoption of AI-enabled digital technologies

1. What AI-enabled digital technologies have been adopted on your farm so far?
2. How are these technologies integrated into your day-to-day operations?
3. In what ways have these technologies impacted your farm’s: cost structure? Productivity or effi-

ciency? Market competitiveness or sustainability?
4. Are these any AI or digital technologies you are planning to adopt in the near future? If yes,

which ones and why?

Section 3 Challenges to the adoption of AI-enabled digital technologies

A. Technological challenges
1. What technological challenges have you encountered (or foresee) when adopting AI-enabled

digital technologies?
2. How do these challenges affect your ability to fully implement or benefit from these tech-

nologies?
3. Have you taken any steps to overcome these challenges? If so, what were they and how effec-

tive have they been?
B. Organizational challenges

1. Are there challenges related to training, staff acceptance, or organizational readiness?
2. How do you address these human or organizational issues when implementing new technolo-

gies?
C. Environmental challenges

1. Are there any external barriers, such as regulations or funding limitations, that impact tech-
nology adoption?

2. What recommendations would you make to government bodies or industry stakeholders to
tackle environmental challenges?
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Appendix 2: Initial reachability matrix

T1 T2 T3 T4 T5 T6 O1 O2 E1 E2 E3 I1 I2

T1 1 0 1 0 1 1 0 0 0 0 0 0 0
T2 1 1 1 0 0 0 0 0 0 0 0 0 0
T3 0 0 1 0 0 1 0 0 0 0 0 0 1
T4 0 1 0 1 0 0 0 1 0 0 0 0 1
T5 0 0 0 1 1 0 0 0 0 0 0 0 1
T6 0 1 0 0 1 1 0 0 0 0 0 0 0
O1 0 1 0 0 0 1 1 0 0 0 0 0 1
O2 0 0 0 0 0 1 0 1 0 0 0 0 1
E1 0 0 1 0 0 0 0 0 1 0 0 0 0
E2 0 1 1 1 0 1 1 1 0 1 0 1 1
E3 1 1 1 1 1 1 0 0 1 0 1 0 0
I1 0 0 0 0 0 0 1 1 0 0 0 1 1
I2 0 1 0 0 0 0 0 0 0 0 0 0 1

Appendix 3: partitioning the reachability matrix into different levels

Challenge Reachability set (RS) Antecedent set (AS) RS∩AS Level

Iteration 1

T1 T1, T2, T3, T4, T5, T6, O2,
I2

T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5

T2 T1, T2, T3, T4, T5, T6, O2,
I2

T1, T2, T4, T5, T6, O1, E2,
E3, I1, I2

T1, T2, T4, T5, T6, I2

T3 T3, T6, I2, T1, T2, T3, T4, T5, O1, E1,
E2, E3, I1

T3

T4 T1, T2, T3, T4, T5, T6, O2,
I2

T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5

T5 T1, T2, T3, T4, T5, T6, O2,
I2

T1, T2, T4, T5, T6, O1, E2,
E3, I1

T1, T2, T4, T5, T6

T6 T2, T5, T6 T1, T2, T3, T4, T5, T6, O1,
O2, E2, E3, I1

T2, T5, T6 I

O1 T1, T2, T3, T4, T5, T6, O1,
I2

O1, E2, I1 O1

O2 T6, O2, I2 T1, T2, T4, T5, O2, E3, I1 O2
E1 T3, E1, I2 E1, E3 E1
E2 T1, T2, T3, T4, T5, T6, O1,

O2, E2, I1, I2
E2 E2

E3 T1, T2, T3, T4, T5, T6, O2,
E1, E3, I2

E3 E3

I1 T1, T2, T3, T4, T5, T6, O1,
O2, I1, I2

E2, I1 I1

I2 T2, I2 T1, T2, T3, T4, T5, O1, O2,
E1, E2, E3, I1, I2

T2, I2 I
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Challenge Reachability set (RS) Antecedent set (AS) RS∩AS Level

Iteration 2

T1 T1, T2, T3, T4, T5, O2 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5

T2 T1, T2, T3, T4, T5, O2 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5

T3 T3 T1, T2, T3, T4, T5, O1, E1,
E2, E3, I1

T3 II

T4 T1, T2, T3, T4, T5, O2 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5

T5 T1, T2, T3, T4, T5, O2 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5

O1 T1, T2, T3, T4, T5, O1 O1, E2, I1 O1
O2 O2 T1, T2, T4, T5, O2, E3, I1 O2 II
E1 T3, E1 E1, E3 E1
E2 T1, T2, T3, T4, T5, O1, O2,

E2, I1
E2 E2

E3 T1, T2, T3, T4, T5, O2, E1,
E3

E3 E3

I1 T1, T2, T3, T4, T5, O1, O2,
I1

E2, I1 I1

Iteration 3

T1 T1, T2, T4, T5 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5 III

T2 T1, T2, T4, T5 T1, T2, T4, T5, T6, O1, E2,
E3, I1

T1, T2, T4, T5 III

T4 T1, T2, T4, T5 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5 III

T5 T1, T2, T4, T5 T1, T2, T4, T5, O1, E2, E3,
I1

T1, T2, T4, T5 III

O1 T1, T2, T4, T5, O1 O1, E2, I1 O1
E1 E1 E1, E3 E1 III
E2 T1, T2, T4, T5, O1, E2, I1 E2 E2
E3 T1, T2, T4, T5, E1, E3 E3 E3
I1 T1, T2, T4, T5, O1, I1 E2, I1 I1
Iteration 4

O1 O1 O1, E2, I1 O1 IV
E2 O1, E2, I1 E2 E2
E3 E3 E3 E3 IV
I1 O1, I1 E2, I1 I1
Iteration 5

E2 E2, I1 E2 E2
I1 I1 E2, I1 I1 V
Iteration 6

E2 E2 E2 E2 VI
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Appendix 4: Fuzzy direct reachability matrix

T1 T2 T3 T4 T5 T6 O1 O2 E1 E2 E3 I1 I2

T1 0 0 0.7 0 0.7 0.3 0 0 0 0 0 0 0
T2 0.7 0 0.7 0 0 0 0 0 0 0 0 0 0
T3 0 0 0 0 0 0.3 0 0 0 0 0 0 0.5
T4 0 0.5 0 0 0 0 0 0.7 0 0 0 0 0.5
T5 0 0.3 0 0.7 0 0 0 0 0 0 0 0 0.5
T6 0 0.3 0 0 0.3 0 0 0 0 0 0 0 0
O1 0 0.7 0 0 0 0.5 0 0 0 0 0 0 0.3
O2 0 0 0 0 0 0.7 0 0 0 0 0 0 0.7
E1 0 0 0.7 0 0 0 0 0 0 0 0 0 0
E2 0 0.3 0.1 0.3 0 0.5 0.7 0.7 0 0 0 0.5 0.7
E3 0.7 0.5 0.5 0.7 0.3 0.3 0 0 0.5 0 0 0 0
I1 0 0 0 0 0 0 0.5 0.5 0 0 0 0 0.7
I2 0 0.3 0 0 0 0 0 0 0 0 0 0 0
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