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Abstract

Artificial Intelligence (AI) holds significant potential to enhance sustainable non-chemical
agricultural methods (NCAM) by optimising resource management, automating precision farming
practices, and improving climate resilience. Yet, its widespread adoption among farmers remains
limited due to socio-economic, infrastructural, and justice-related challenges. This study aims to
investigate the causal configurations influencing Al adoption in NCAM, using an integrated
framework that combines the Technology Acceptance Model (TAM) with a justice-centred approach
and ecological values. A mixed-methods design is employed, applying fuzzy-set Qualitative
Comparative Analysis (fsQCA) to farmer survey data and critical discourse analysis to qualitative
narratives. The findings reveal that while factors such as labour shortages, mobile technology use,
and cost efficiencies are necessary for Al adoption, they are insufficient without supportive extension
services and inclusive communication strategies. The study refines the TAM framework by
embedding economic, cultural, and political justice considerations, providing a more holistic
understanding of technology acceptance in sustainable agriculture. By bridging discourse analysis
and fsQCA, this research highlights the need for justice-centred Al solutions tailored to diverse
farming contexts. The study contributes to advancing sustainable agriculture, technology inclusion,
and resilience, thereby supporting the United Nations Sustainable Development Goals (SDGs).

Keywords: Artificial Intelligence (Al); Non-Chemical Agriculture Methods (NCAM); Sustainability;
Technology Acceptance Model (TAM); justice-centred approaches; fuzzy-set Qualitative
Comparative Analysis (fsQCA); Climate-Smart Agriculture; Sustainable Development Goals (SDGs);
agricultural extension; digital inclusion

1. Introduction

India’s agricultural landscape has long been characterised by traditional practices that
contribute to environmental sustainability, climate resilience, and food security (Patel et al., 2020).
However, a notable shift is occurring as younger generations increasingly migrate to non-agricultural
sectors, resulting in workforce shortages and a growing reliance on technological interventions
(Amalan & Aram, 2023). Artificial Intelligence (Al) offers promising solutions by automating
processes, enhancing decision-making, and increasing operational efficiency (Biiyiikdzkan & Uztiirk,
2024).

A critical gap remains in understanding its integration with Non-Chemical Agricultural
Methods (NCAM) (Klerkx et al., 2019). NCAM represents sustainable farming practices that prioritise
biodiversity, preserve soil health, and support chemical-free food production. Despite its ecological
benefits, NCAM adoption remains limited due to challenges such as labour intensity, lack of
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technological support, and limited financial resources. Integrating Al into NCAM systems could
address these challenges by improving productivity, reducing environmental impact, and
supporting climate-smart agricultural (CSA) practices (Finger, 2023).

While the Technology Acceptance Model (TAM) is widely used to evaluate technology
adoption, it often neglects the influence of traditional ecological knowledge on perceived usefulness
(Pierpaoli et al., 2013). This study bridges that gap by adopting a justice-centred lens to examine Al
adoption in NCAM. By employing discourse and thematic analysis, it captures smallholders’ lived
experiences, addressing how narratives and local contexts shape adoption (Bronson & Knezevic,
2016).

NCAM promote climate resilience, biodiversity, and sustainability, rooted in traditional
practices yet needing modern support. Sir Albert Howard (1945) praised India’s chemical-free
farming resilience. Al can address challenges like labour shortages and climate stress by enabling
pest detection, soil monitoring, and yield prediction (Liu et al., 2021; Saiz-Rubio & Rovira-Mas, 2020).
Integrating Al into extension services can enhance NCAM adoption through predictive analytics and
decision-support tools (Zul Azlan et al., 2024).

Despite its promise, Artificial Intelligence adoption in NCAM faces barriers such as high costs,
low digital literacy, and inadequate rural infrastructure (Laskar, 2023; Liu et al., 2021). Addressing
these infrastructural gaps is crucial for ensuring equitable access to Al technologies. Resistance from
traditional farming communities also poses challenges. Inclusive, transparent deployment strategies
are essential to foster trust and ensure equitable access (Gardezi et al., 2023).

Al adoption in NCAM, by addressing farmers’ strategic communication needs, could enhance
their cognitive, social, and emotional capacities (Akash & Aram, 2022; Zerfass & Huck, 2007).
Educational programmes, peer learning, and success stories foster trust (Spanaki et al.,, 2021).
Human-centred, explainable Al ensures farmer control and supports sustainable practices through
transparent, autonomous technologies (Ahmed et al., 2022; Holzinger et al., 2024).

This study pursues three key objectives:

1. To identify the causal configurations leading to Al adoption among NCAM farmers using
fsQCA.
2. To analyse how discourse constructs a justice-centred relationship between TAM

variables and actual adoption.
3. To develop a refined TAM framework that integrates fsQCA and discourse insights to
offer a holistic understanding of Al adoption from a justice-centred perspective.

2. Review of Literature

Al technologies, including artificial neural networks, fuzzy systems, and agricultural robots, are
transforming farming by enhancing crop monitoring, pest management, disease detection, and yield
prediction (Elbasi et al., 2023). Al-driven smart agriculture systems using deep learning and IoT
sensors can reduce pesticide use and improve environmental sustainability (Chen et al., 2020).
Precision agriculture, supported by technologies like drones, satellites, and sensors, optimises inputs
and reduces labour costs (Sharma et al., 2021)

The increasing cost of labour and the demand for premium produce are driving the adoption of
Al technologies in on-farm sorting and transportation, reducing post-harvest losses through faster
and more accurate processing (Zhou et al., 2023). Additionally, Al-powered autonomous weeding
systems employing 3D visual tracking and predictive control are improving sustainability by
reducing herbicide use and optimising operations across varied terrains (Wu et al., 2020).

However, Al adoption in rural India faces challenges such as inadequate infrastructure, digital
illiteracy, and financial constraints (Gandhi & Parejiya, 2023; Laskar, 2023). Linguistic diversity in
India presents a major communication challenge for Al adoption, with over 600 languages
complicating outreach efforts. Trust issues also persist, particularly among marginalised farming
communities, due to limited exposure to Al applications (Tzachor, 2021).
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NCAM, such as organic farming, conservation agriculture, and Integrated Pest Management
(IPM), promote sustainable practices by reducing pesticide use and enhancing soil health (Kumar et
al., 2023; Paudel et al., 2020). It also provides added benefits by eliminating synthetic pesticides,
preserving biodiversity, enhancing soil health, and reducing greenhouse gas emissions. (Benbrook et
al., 2021; Gomiero et al., 2011). Al can complement NCAM by providing real-time monitoring,
predictive analytics, and decision-support systems to optimise irrigation, detect diseases, and
evaluate soil health (Sachithra & Subhashini, 2023). Despite challenges, integrating Al with NCAM
holds promise for sustainable farming and improving food security in India(Andujar, 2023;Islam et
al.,, 2024)Islam et al., 2024). Aversion to unsafe food is increasing consumer demand for healthier,
organic options, leading to the expansion of NCAM adoption and emphasising sustainable
agricultural practices (Thanki et al., 2022).

3. Theoretical Framework

This study presents an integrated framework combining the Technology Acceptance Model
(TAM), justice-centred theory, and ecological values to examine Al and NCAM adoption in
sustainable agriculture. Using thematic analysis, discourse analysis, and fsQCA, it captures farmers'
perspectives and complex factors shaping responsible technology use.

3.1. TAM Application in Al Adoption

The Technology Acceptance Model (TAM) is widely used to assess the adoption of technology
in various fields, including agriculture. The model, as shown in Figure 1, demonstrates that Perceived
Usefulness (PU) and Perceived Ease of Use (PEU) affect Behavioural Intention (BI), eventually
leading to Actual Use (Davis, 1989). However, TAM applications in sustainable agriculture often
neglect how traditional ecological knowledge shapes farmers’ perceptions of usefulness (Pierpaoli et
al., 2013).

This study uses the Technology Acceptance Model (TAM), developed by Davis (1989), to
describe the user adoption of technological innovations. TAM is a foundational model across diverse
sectors, including e-learning, e-commerce, and digital services to explore the adoption pattern among
the end-user(Venkatesh & Davis, 2000; Maranguni¢ & Grani¢, 2014). Its primary constructs—
perceived usefulness (PU) and perceived ease of use (PEU)—provide critical insights into users’
attitudes, behavioural intentions, and actual technology usage (Venkatesh et al., 2003).

Adopting the Technology Acceptance Model in agriculture has become increasingly important.
Agriculture towards a sustainable environment are at its beginning, and significant studies are
forming (Mohr & Kiihl, 2021). The implication of sustainable practices and hesitation among farmers
to adopt new methods that rely on chemical-free methods, using TAM could adequately explain the
adoption and use of biological inputs (Bagheri et al., 2021). This study assesses the acceptance and
adoption of Al and NCAM among farmers using TAM and investigates how Al-driven solutions can
complement sustainable agricultural practices.

This study attempts to integrate the Technology Acceptance Model (TAM) with ecological
values and technology development, examining how Al aligns with the values of NCAM farmers. A
justice-centred approach to adoption serves as a mediating framework for promoting Al adoption in
sustainable agriculture. To encourage the responsible adoption of Al and NCAM by addressing both
technological advancement and environmental sustainability.
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Technology Acceptance Model (TAM)- Flow Diagram
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Figure 1. Technology Acceptance Model flow chart.

3.2. Thematic and Discourse Analysis

Thematic analysis identifies patterns from Focus Group Discussions (FGDs) on Al and NCAM,
capturing farmers’ concerns, beliefs, and expectations regarding Al adoption (Braun & Clarke, 2006).
Critical Discourse Analysis (CDA) examines how language, shaped by social power dynamics and
inequalities, influences understanding and adoption of technology (Kress 1991). By combining
thematic and discourse analysis, the study highlights how farmers’ narratives shape perceptions and
potential barriers to Al adoption (Phillips et al., 2004).

3.3. fsQCA for Evaluating Al and NCAM Adoption in the TAM Pathway

Fuzzy-Set Qualitative Comparative Analysis (fsQCA) is an advanced analytical method that
identifies causal configurations leading to specific outcomes. By applying fsQCA to Al adoption in
NCAM, this study explores the complex interplay of factors influencing farmers’ decisions. fsQCA
captures multifaceted interactions, complementing the TAM (Ragin, 2008). While TAM has been
widely used to assess technology adoption in agriculture, its application to Al and NCAM remains
underexplored.. Integrating fsQCA with TAM and discourse analysis offers a holistic perspective on
how Al adoption unfolds in sustainable agriculture, providing valuable insights for policymakers,
agricultural agencies, and Al developers. A similar approach has been applied in health technology
adoption (Mustafa et al., 2022), but this study is one of the first to apply fsQCA to Al adoption
pathways in agriculture.

3.4. Justice-Centred Perspective in Al and NCAM Adoption

A justice-centred view of Al adoption prioritises fair access to technology, shared decision-
making, and inclusive policies, ensuring that marginalised farmers benefit from Al in NCAM.
Barriers such as cost, infrastructure, and lack of support contribute to the digital divide, while social
issues like job security, trust, and the absence of diverse stakeholder voices are also significant
(Cubric, 2020). Political theorist Nancy Fraser’s justice framework highlights three dimensions:
economic justice (fair resource distribution), cultural justice (recognition of all social groups), and
political justice (ensuring equal participation) (Fraser, 1995). In NCAM, a justice-centred approach
calls for localised Al models that incorporate ecological and cultural knowledge, promoting inclusion
and addressing unequal resource distribution. It also questions who benefits from AI adoption,
urging continuous reflection on political representation and the voices included in Al development
to ensure equitable access and outcomes.
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3.5. Novelty of the Study

This study introduces an innovative framework that integrates the Technology Acceptance
Model (TAM) with a justice-centred approach and ecological values to explore Al and NCAM
adoption in sustainable agriculture. The study stands out by combining qualitative methods—
thematic and critical discourse analysis —with quantitative modelling through fuzzy-set Qualitative
Comparative Analysis (fsQCA). This mixed-methods approach captures both farmers’ subjective
experiences and the complex causal factors influencing adoption. By incorporating economic,
cultural, and political justice dimensions into TAM, the framework provides a more inclusive and
context-sensitive model of technology acceptance, reflecting the diverse realities of farming
communities.

4. Methodology

A structured questionnaire combining closed-ended and open-ended questions was employed
to gather data on farmers’ attitudes toward Non-Chemical Agricultural Methods (NCAM), their
awareness of Al, and communication preferences. Focus group discussions (FGDs) were also
conducted to gain in-depth qualitative insights into challenges, perceptions, and solutions for Al
adoption among NCAM farmers (Nyumba et al.,, 2018). The questionnaire was divided into four
sections: Demographic Profile, which gathered basic participant information to contextualise
responses; NCAM Practices, which assessed engagement with NCAM and perceptions of its
effectiveness; Technology Adoption and Al, which explored awareness and willingness to adopt Al
and Information Needs and Communication Strategy, which investigated communication
preferences and effective channels for promoting Al adoption in agriculture.

4.1. Study Area

The study was conducted at three levels: Village Level (Thuraiyur, Nemili Block, Ranipet
District), where most participants were women farmers; Block Level (Nemili Block), which included
farmers from various villages interested in NCAM; and District Level (18 districts in Tamil Nadu),
with farmers actively engaged in agricultural technology programmes. Figure 2 illustrates a focus
group discussion with farmers from Nemili Block and Thuraiyur Village.

Figure 2. Focus group discussion with farmers from Nemili Block and Thuraiyur Village.

4.2. Participant Selection

A purposive sampling technique was used to select 57 NCAM farmers and those willing to adopt
NCAM for the focus group, ensuring diversity across Tamil Nadu. From this group, 18 to 21 farmers
were selected for each FGD to explore topics in more detail.
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e  Focus Group 1 (FGD1) — Marginal Farmers (n=18): Farmers practising or interested in adopting
NCAM in Thuraiyur village, Nemili Block.

e  Focus Group 2 (FGD2) — Active NCAM Engagement (n=21): Farmers practising NCAM and
sharing insights on agricultural technologies, from various villages in Nemili Block.

e  Focus Group 3 (FGD3) — Interest in Agricultural Technologies (n=18): Farmers from multiple
villages and blocks across 18 districts in Tamil Nadu, offering perspectives on Al's benefits and
challenges in NCAM.

This sampling technique was used to select 57 NCAM farmers, ensuring diversity across Tamil

Nadu. Each focus group comprised 18-21 farmers, facilitating in-depth exploration of topics.

5. Data Analysis

Descriptive Statistics: Descriptive statistics summarise data using measures of central tendency
(mean, median) and variability (standard deviation, range), providing an overview of the dataset.
These summaries help identify patterns and distributions, forming the foundation for deeper analysis
and ensuring transparency in research, aiding decision-making in data analysis (Ryan & Bernard,
2003).

Thematic Analysis: Qualitative data from open-ended questions were coded into themes to
capture common patterns and viewpoints, grounded in the actual language of participants
(Lochmiller, 2021). Thematic analysis identifies recurring patterns, helping interpret farmers’ core
ideas and facilitating decision-making in research design (Wood et al., 2014).

Discourse Analysis: A justice-centred approach prioritises equity, examining socio-economic
conditions and resource access disparities, particularly for marginalised smallholders
(Chindasombatcharoen et al., 2024; McGuire et al., 2024). It evaluates external variables such as age,
gender, location, and farming experience, considering their impact on Al and NCAM adoption. The
study assesses perceived usefulness (PU), ease of use (PEU), farmers’ attitudes (A), and behavioural
intentions (BI) toward AI/NCAM adoption, con sidering historical and cultural contexts. Trust in
institutions, participatory decision-making, and digital literacy are central to understanding adoption
gaps and fostering inclusivity.

The study integrates fsQCA with discourse analysis to uncover essential causal combinations
that facilitate Al adoption in the context of NCAM. Unlike regression analysis, fsQCA accommodates
non-linear relationships, making it well-suited for exploring complex, real-world scenarios (Kraus et
al., 2018). From the FGD’s themes are coded for fsQCA analysis are presented in Table 1, illustrating
the key conditions for successful Al adoption in NCAM.

Table 1. The table represents FGD insights reorganized for fsQCA analysis, using TAM in the context of NCAM

and Al adoption.
S. No. TAM Category Question / Indicator
1 External Variable Age
2 External Variable Gender
3 External Variable District
4 External Variable Block
5 External Variable Village
6 External Variable Farming Experience
7 External Variable Have you adopted Non-Chemical Agricultural Methods (NCAM)?
What crops do you cultivate using NCAM?
(a) Paddy
(b) Vegetables
8a—8f (c) Fruits
External Variable (d) Oil Seeds
(e) Pulses
(f) All Crops
9a-9f Effectiveness of NCAM vs. chemical farming:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.2266.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 July 2025 d0i:10.20944/preprints202507.2266.v1

7 of 25

(a) Cost Efficiency
(b) Good Food
Perceived Usefulness (PU) (¢) Soil & Water Quality
(d) Biodiversity
(e) Sustainable Economy
(f) All the Above
Al technologies perceived as useful in NCAM:
(a) Weather Alert
(b) Crop & Soil Monitoring
(c) Pest & Disease Detection
(d) Automated Weeding & Harvesting
(e) Automated Irrigation
() Yield Mapping
(g) Livestock Health Monitoring
Support needed to adopt Al in NCAM:
(a) Workshops
(b) Expert Advice
(c) Al Equipment
(d) Mobile Apps
(e) Govt Support
12 Perceived Ease of Use (PEU) Do you have a shortage of workforce?
13 Perceived Ease of Use (PEU) Do you have sufficient technology to balance the workforce?
14 Perceived Ease of Use (PEU) Do you consider NCAM to be labor-intensive?
Challenges in adopting Al in farming:
(a) Automation & Robotics
(b) Irrigation Management
(¢) Climate-Smart Agriculture
(d) Data & Risk Management
(e) Crop & Soil Health Analysis
(f) None of the Above
16 Perceived Ease of Use (PEU) Do you use any agricultural mobile apps for farming guidance?
17 Attitude Toward Using (A) Are you aware of Al applications in farming?
18 Attitude Toward Using (A) Are you willing to adopt Al-driven technologies in your farm?
How effective are communication channels in providing relevant Al
information?
Preferred channels for AT communication:
(a) Extension Programmes
(b) Farm Schools / Groups
(c) News / Media
(d) Mobile Apps
(e) Social media
Primary sources for NCAM & farming knowledge:
(a) Agricultural Extension Programmes
(b) Farmer Groups
(c) Social media
2la2le Actual System Use (d) Agricultural Apps
(e) News / Media
22 Actual System Use Do you use any agricultural mobile apps for farming guidance?

10a-10g Perceived Usefulness (PU)

1la—11le Perceived Usefulness (PU)

15a-15f Perceived Ease of Use (PEU)

19 Behavioural Intention (BI)

20a-20e Behavioural Intention (BI)

The fsQCA process follows a structured methodology with several key steps. Initially, necessity
analysis is performed to identify conditions that consistently align with AI adoption. The next step,
sufficiency analysis, explores different combinations of factors that lead to Al adoption. The study
integrates fsQCA with discourse analysis to uncover essential causal combinations that facilitate Al
adoption in the context of NCAM. A truth table is then constructed to identify high-consistency
pathways. The final step involves deriving QCA solutions, including complex, parsimonious, and
intermediate solutions, which provide varying levels of causal explanation. To ensure the robustness
of the findings and to support the discourse analysis, the fsQCA calculations were performed using
Python for further validation and reliability checks.

6. Data Interpretation
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Understanding the adoption of Artificial Intelligence (AI) and Non-Chemical Agricultural
Methods (NCAM) among farmers requires a nuanced interpretation of both numerical trends and
experiential accounts. To achieve this, a mixed-methods approach was employed, combining
descriptive statistics, thematic analysis, discourse analysis, and narrative inquiry. These methods
help illuminate not only the patterns of adoption but also the underlying perceptions, socio-cultural
factors, and power dynamics that shape farmers’ choices. To further identify causal conditions
influencing adoption, discourse analysis was integrated with fuzzy-set Qualitative Comparative
Analysis (fsQCA), guided by the Technology Acceptance Model (TAM). Together, these analytical
tools provide a comprehensive understanding of how ecological values, technological perceptions,
and communication practices interact in shaping sustainable agricultural transitions.

6.1. Descriptive Statistics

The descriptive statistics from three focus group discussions (n=57) reveal a predominantly
middle-aged male sample with an average farming experience of 4.35 years. Respondents are
distributed across multiple districts, showing some variability. Approximately half of the
respondents have adopted NCAM, although adoption remains limited (Table 2). Workforce
shortages are minimal, but participants strongly agree that NCAM is labour-intensive and feel they
lack sufficient technology to balance workforce demands.

Most participants lack awareness of Al applications in farming and show limited willingness to
adopt Al-driven technologies, indicating potential barriers. Communication channels are rated
highly effective, but mobile app usage for farming guidance shows mixed responses, reflecting varied
adoption levels.

Table 2. Descriptive Statistics of all three Focus Group Participants (n=57).

Variable Mean Median Standard Deviation
Demographics & Farming Experience
Age 4.29 4 0.77
Gender 1.26 1 0.44
District 21.17 22 6.48
Occupation 1 1 0.00
Farming Experience 4.35 5 0.99
NCAM Adoption & Labor Factors
Adoption to NCAM 1.92 1 1.00
Shortage of Workforce 1.05 1 0.29
Level of Sufficient Technology 4.84 5 0.64
Level of Labor Intensiveness in NCAM 1.00 1 0.00
Al Awareness & Adoption
Awareness on Al 4.62 5 1.00
Willingness to Adopt Al 2.17 3 1.18
Communication & ICT Usage
Effectiveness of Communication Channels 1.08 1 0.28
Mobile Application Usage 3.63 5 1.83

6.2. Thematic Analysis

Thematic insights from the focus group discussions (FGDs) revealed three core areas shaping
farmers’ perspectives: (1) the practice and effectiveness of Non-Chemical Agricultural Methods
(NCAM), (2) the perceived utility and scope of Al technologies in sustainable farming, and (3) the
information needs and communication strategies required for effective adoption. These themes
provide a structured lens to interpret how NCAM is practiced, how Al is perceived, and how
communication efforts can be better aligned to support knowledge and technology transfer.

6.2.1. Theme 1: Non-Chemical Agriculture Methods — Crops Cultivated in NCAM
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1. Key Agricultural Crops in Non-Chemical Farming

In Figure 3 shows that paddy cultivation dominates among NCAM farmers, with 48 respondents
across three focus groups reporting its cultivation. Oilseeds and vegetables were cultivated by fewer
farmers, while only one participant in FGD 3 grew fruits. Two farmers (one each from FGD 1 and
FGD 3) grew mixed crops. This pattern indicates limited crop diversity in NCAM systems, with
paddy being the primary focus.

Major Crops in NCAM

s FGD 1  mmmm FGD 2 FGD 3 Total
48
14 18 16
lI 320 0 000 0 3 1 0 0 1 1 0 1
| 3 0 | 1 _ 2
Paddy QOil seeds Pulses Vegetables Fruits All the above

Figure 3. Major crops cultivated by farmers in NCAM.

2. Effectiveness of NCAM Compared to Chemical-based Farming

Figure 4 presents farmers’ perceptions of the effectiveness of NCAM. FGD 3 showed the
strongest support for the benefits of NCAM, particularly in producing healthier food (18 responses)
and improving sustainability (19 combined responses). FGD 2 emphasised cost efficiency (6
responses) and biodiversity (7 responses), while FGD 1 remained largely disengaged. Environmental
benefits like soil quality (14 responses) received moderate support, while economic sustainability
concerns were most prominent in FGD 3 (8 responses).
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Effectiveness of NCAM

38

Al the above | 19
7

Sustainable Economy 8 §

Increasing bio diversity 8 ;
Good Food 8 }g
Increase Soil and Water quality 8 g

Cost efficiency I'12 6

0 5 10 15 20 25 30 35 40

Effectiveness of NCAM in comparison to chemical-based farming Total
Effectiveness of NCAM in comparison to chemical-based farming FGD 3
M Effectiveness of NCAM in comparison to chemical-based farming FGD 2

M Effectiveness of NCAM in comparison to chemical-based farming FGD 1

Figure 4. Effectiveness of NCAM among farmers among farmers intensiveness.

6.2.2. Theme 2: Al Technology Adoption

1. Al-driven technologies usefulness in NCAM

Figure 5 illustrates farmers’ perceptions of useful AI applications. Weather alerts, crop
monitoring, and automated weeding received 50-60% approval. Irrigation support attracted 13
responses, while pest detection garnered only 7 responses. Interest in yield mapping was minimal (2
responses), and there was no interest in livestock monitoring, which aligns with the predominant
focus on paddy cultivation.
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Figure 5. Perceived usefulness of Al among farmers.

2. Farmer Preferences for Al Applications: Emphasis on Labour-Saving and Climate-Smart
Solutions
Farmers particularly valued labour-saving applications, with intelligent automation receiving
41 responses (Figure 6). Water management and climate-smart applications garnered moderate
interest, with 10 and 8 responses, respectively.

Scope for Al in Sustainable Farming
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0
For Climate Smart Agriculture F 5
1

Irrigation and Water management =55 8
0
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w
=
o
=
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Figure 6. Scope for Al in Sustainable Farming.

3. Support or information needed to adopt Al technologies
Figure 7 shows that preferred learning methods varied by focus group. FGD 1 and FGD 2
favoured workshops (18 and 19 responses, respectively), while FGD 3 prioritised expert guidance (17
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responses). Financial support was rarely mentioned, with a stronger focus on knowledge transfer.
Digital platforms and equipment access received limited interest (under 10 responses combined).

Information and Support helping in Al adoption

MFGD3 WMFGD2 EWFGD1

Government subsidies or
financial assistance on Al Technologies

Mobile apps or platforms providing Al insights [l 1
0
Expert advice and technical support in Al I 2
0
Access to Al-enabled equipment [l 1

Workshops or community discussions on Al S 19

Figure 7. Supports needed for Al in agriculture.

6.2.3. Theme 3: Information Need and Communication Strategy

Figure 8 reveals that extension programmes were the dominant information source (53
responses), particularly in FGD 1 and FGD 2. Farmer groups were also important sources of
information (12 responses), while digital channels were minimally used (4-5 responses for apps/social
media). In identifying effective communication methods, extension programmes again led strongly
(52 responses), with other options receiving fewer than 10 responses each, confirming farmers’
preference for traditional knowledge-sharing channels.

Primary Information Source
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programme
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Figure 8. Existing information and supports.

6.3. Discourse Analysis and Narratives on Al and NCAM Adoption

6.3.1. Discourse Patterns on Al and NCAM Adoption: Demographic, Perceptual, and Behavioural
Insights

1. Demographic Influences on Discourse
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The demographic characteristics of farmers influence how they engage in discussions about Al
and NCAM. The study finds that middle-aged male farmers dominate these conversations, often
shaping discourse based on traditional farming experiences. Resistance to technological change is
more pronounced among experienced farmers, whereas younger farmers demonstrate greater
openness to Al-driven farming solutions. Additionally, variations in farming practices across districts
influence the way Al and NCAM are perceived, with farmers in areas with institutional interventions
showing more enthusiasm for technological adoption.

2. Perceived Usefulness: Economic and Practical Considerations

Farmers’ discussions about NCAM highlight concerns regarding labour intensity and economic
feasibility. While some farmers acknowledge the long-term benefits of NCAM for sustainability and
biodiversity, they struggle to justify its short-term viability. The discourse reveals that NCAM is
perceived as an environmentally-friendly alternative but economically impractical without
technological intervention. In contrast, discussions about Al reveal a general lack of awareness rather
than outright rejection. Farmers recognize the potential of Al tools such as automated irrigation and
pest detection but are uncertain about their practical integration into current farming practices.

3. Perceived Ease of Use: Challenges in Adoption

Farmers frequently discuss NCAM as labour-intensive and difficult to implement without
mechanization. While AI technologies could address this labour burden, discourse suggests that
concerns over accessibility, technological complexity, and training requirements hinder adoption.
While some farmers believe Al can simplify tasks such as weeding and pest detection, others worry
about their ability to operate such systems effectively.

4.  Attitude towards Al and NCAM: Trust and Social Influence

Farmers prefer learning about new technologies through workshops, peer discussions, and
government extension programmes. The discourse suggests that trust plays a crucial role in adoption,
with farmers relying on institutional sources and experienced peers to validate new farming
methods. Unlike financial constraints, which are not a primary concern, unfamiliarity and lack of
hands-on experience with Al and NCAM contribute to scepticism.

5. Behavioural Intention and Actual System Use

The discourse analysis reveals that while farmers express an interest in Al they still rely
primarily on traditional agricultural extension programmes rather than digital platforms. Al-
powered farming applications remain underused due to a preference for direct interactions over
digital tools. Bridging this gap requires integrating Al education into existing extension programmes
and fostering farmer-led technology adoption initiatives.

6.3.2. Discourse Analysis with Fuzzy-Set Qualitative Comparative Analysis (fsQCA)

1.  Necessity Analysis

The conditions with the highest consistency scores (= 0.90) indicate their necessity for Al
adoption (UA). Among them, PEU14 (perception of NCAM as labour-intensive), PEU12 (workforce
shortage), and PEU16 (use of agricultural mobile apps) exhibit a perfect consistency score of 1.000,
confirming their absolute necessity. Other conditions also demonstrate high consistency, including
BI19 (effectiveness of Al communication channels) at 0.987, PU9a (NCAM cost efficiency) at 0.965,
and AU2la (agricultural extension programmes as an information source) at 0.948. Additionally,
PU9d (biodiversity benefits of NCAM), BI20a (extension programmes for Al communication), and
PU9 (NCAM'’s impact on food quality) each hold a consistency score of 0.948, further supporting
their necessity. Lastly, EV2 (gender) is also identified as a significant factor with a consistency score
of 0.922. Given that PEU14, PEU12, and PEU16 have a perfect consistency score of 1.000, they are
considered entirely necessary for Al adoption in NCAM.

Necessity analysis identifies conditions consistently present in Al adoption cases.

Table 5. Conditions present in AI adoption cases.

Condition Consistency Coverage
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PEU14 (Labour-intensive perception of NCAM) 1.000 0.339
PEU12 (Workforce shortage) 1.000 0.344
PEU16 (Use of agricultural mobile apps) 1.000 1.000
BI19 (Effectiveness of Al communication) 0.987 0.342
PU9%a (NCAM cost efficiency) 0.965 0.405
AU21a (Agricultural extension programme as information source) 0.948 0.346
PU9d (NCAM biodiversity benefits) 0.948 0.407
BlI20a (Extension programmes for AI communication) 0.948 0.352
PU9 (NCAM impact on food quality) 0.948 0.339
EV2 (Gender) 0.922 0.360

2. Sufficiency Analysis

The analysis evaluates sufficiency conditions for Al adoption. PEU14, PEU12, and PEU16 show
perfect sufficiency (1.0), making them strong drivers. BI19, PU9a, and AU21a have high consistency
but lower coverage, indicating support without guaranteeing adoption. EV2 (gender) has lower
sufficiency but remains relevant. Overall, labour intensity, workforce shortages, and mobile apps are
key drivers, while cost efficiency, AI communication, and extension programmes assist in the
adoption but are not essential.
3. Calibration of Raw Data

Calibration transforms raw survey data into fuzzy-set membership scores, enabling a nuanced
analysis of Al adoption among farmers using Non-Chemical Agricultural Methods (NCAM). This
process moves beyond binary classifications, capturing varying degrees of membership. It follows a
three-anchor point method: full membership (1.0) represents a high likelihood of Al adoption, the
crossover point (0.5) indicates a neutral position, and full non-membership (0.0) signifies a low
likelihood. Membership scores are assigned using a logistic function or direct threshold setting
through fsQCA software.

Table 6. Calibration of key conditions for Al adoption.

Full
Full -
Condition Raw Data Range  Membership Crossover (0.5) y no.n
membership (0.0)
(1.0)
PEU14 (Labour—mt.enswe NCAM 1 -5 (Likert Scale) 5 3 1
perception)
PEU12 (Workforce shortage) 1-5 5 3 1
PEU16 (Use of agricultural 0 - 10 (usage
. 10 5 0
mobile apps) frequency)
BI19 (Effectlv.ene.ss of Al 1.5 5 3 1
communication)

PU9a (NCAM cost efficiency) 1-5 5 3 1
AU21a (Agrlcul.tural extension 1-5 5 3 1

programme info source)
PU9 (NCAM Plodlver51ty 1-5 5 3 1

benefits)

BI20a (AI' communication via 1.5 5 3 1

extension programmes)
PU% (NCAM 1@pact on food 1-5 5 3 1

quality)
EV2 (Gender) (Male=1, Female=0) 0-1 1 (Male) 0.5 0 (Female)

Truth Table Construction shows different configurations leading to Al adoption.

Table 7. Configurations leading to Al adoption.
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PEU14 PEU12 PEU16 BI19 PU9%a AU21a Cases Al Adoption Rate
1 1 1 0.75 1 1 1 1
1 1 1 1 1 0 1 1
1 1 1 1 1 1 15 1
1 0.5 0 0.75 0 0 1 0
1 0.67 0.5 1 1 1 1 0
1 1 0 0.75 0 1 2 0
1 1 0 1 0 1 7 0
1 1 0 1 1 0 2 0
1 1 0 1 1 1 24 0

Al adoption takes place when NCAM is labour-intensive, workforce shortages exist, and mobile
apps are used at a level of at least 0.75. Additionally, effective AI communication further supports
adoption. Al adoption is more likely when workforce shortages are significant, mobile app usage
exceeds 0.5, Al communication is effective, and agricultural extension programmes are used.

4.  Solution Pathways (fsQCA Results)

The parsimonious solution, with a consistency of 0.91, presents the strongest and most
streamlined pathways for Al adoption. The complex solution, while having lower consistency,
provides more detailed configurations without simplifications. The intermediate solution achieves a
balance between complexity and simplification, maintaining a consistency of 0.89.

Table 8. Balance between complexity and simplification.

Solution Type Consistency Coverage
Complex 0.87 0.78

Parsimonious 0.91 0.82

Intermediate 0.89 0.80

5. Causal Pathways for AI Adoption

Al adoption is high when NCAM is labour-intensive, workforce shortages exist, mobile apps are
used, Al communication is effective, NCAM is cost-efficient, and farmers rely on extension
programmes. However, adoption remains high even without extension programmes. A key insight
is that workforce shortages, mobile app usage, and effective Al communication play a crucial role in
driving Al adoption.

7. Key Findings
7.1. Thematic Analysis
7.1.1. Demographics

The demographic profile reveals a skewed pattern in age and gender representation in
agriculture. The absence of younger participants (under 30) in the focus group discussions (FGDs)
indicates a generational gap that raises concerns about the continuity of sustainable farming
practices. Furthermore, women were notably underrepresented—only 15 of 57 participants,
primarily in FGD 1—highlighting a broader issue of social recognition. Despite their critical roles in
agricultural labour and decision-making, women remain marginalised within predominantly male-
dominated structures.

7.1.2. Theme 1: Non-Chemical Agricultural Methods (NCAM)

Farmers generally support non-chemical agricultural methods (NCAM), though significant
challenges persist, notably workforce shortages and limited access to appropriate technologies.
Priorities varied by group: FGD 2 emphasised cost efficiency, FGD 3 prioritised environmental
sustainability, while FGD 1 demonstrated less engagement with the specific benefits of NCAM.
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Paddy cultivation dominates across all groups, with limited crop diversification due to economic
constraints. Interestingly, the labour-intensive nature of NCAM was perceived positively —either
because it creates employment opportunities or remains manageable under current conditions.

From an economic justice perspective, although farmers endorse NCAM, they often lack the
institutional support and resources required for its full-scale implementation. Small-scale farmers, in
particular, bear disproportionate labour burdens without sufficient technological or financial
assistance.

7.1.3. Theme 2: Al Technology Adoption

Farmers express interest in artificial intelligence (Al) applications—particularly for weather
alerts and automated weeding—yet actual usage and awareness remain limited. There is a marked
preference for hands-on training and expert guidance over financial incentives, suggesting that
informational barriers outweigh economic ones. Use of mobile-based tools and advanced
technologies is especially limited among women and smallholder farmers.

This reflects both digital and representational inequalities. Despite clear interest, access to Al is
hindered by insufficient digital infrastructure and farmers' exclusion from the technology design
process. The lack of participatory design undermines trust and inhibits adoption.

7.1.4. Theme 3: Information Needs and Communication

Agricultural extension programmes remain the most trusted and frequently used sources of
information across all FGDs. Reactions to mobile applications, such as the Uzhavar app, were mixed.
Smallholder and women farmers in FGD 1 cited digital barriers, while participants in FGD 2 provided
more positive feedback, though concerns about content sufficiency persisted. Across the board,
farmers continue to favour face-to-face extension methods over digital platforms for future training
and support.

This communication gap underscores challenges of both recognition and representation. Digital
tools are not yet fully accessible or tailored to the diverse needs of farming communities, and farmers
are rarely consulted during development. This lack of engagement exacerbates informational
inequalities and deepens the digital divide.

Viewed through Nancy Fraser’s justice framework, the findings suggest that while farmers are
willing to adopt both NCAM and Al technologies, their capacity to do so is constrained by systemic
inequalities across access, recognition, and representation.

e  Economic injustice manifests through inadequate access to labour-saving technologies and
financial support.

e  Social misrecognition affects women and smallholder farmers, whose knowledge and labour
remain undervalued.

e  Representational exclusion persists, as farmers are seldom included in policy development or
technology design.

To enable inclusive and sustainable farming, future initiatives must prioritise participatory
training, culturally and linguistically appropriate communication, and farmer-led co-design of
technologies. Only through these measures can NCAM and Al solutions promote not just
productivity, but also equity, justice, and empowerment.

7.2. Integrated Analysis of fsQCA and Discourse Findings

The sufficiency analysis reveals that although several conditions show high consistency scores
(0.92-1.00), indicating their statistical importance for Al adoption, the coverage scores (0.4-0.9) are
more moderate, suggesting these conditions do not account for adoption across all cases. Discourse
analysis helps explain this divergence by uncovering the socio-cultural and structural factors that
quantitative metrics alone may overlook.
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For example, workforce shortages —one of the most consistent predictors of adoption —manifest
differently across groups. While fsQCA confirms its statistical significance, discourse analysis reveals
that for smallholders and women, who often depend on informal labour-sharing systems, Al
solutions may be viewed as disruptive rather than supportive. This contextual nuance helps explain
why high consistency does not always translate to high coverage.

Similarly, institutional trust plays a mediating role in the effectiveness of extension programmes.
Although fsQCA identifies these programmes as highly consistent drivers of Al adoption, their
variable coverage reflects uneven access and engagement quality. Discourse data show that
marginalised farmers often receive generalised, infrequent support, while better-resourced farmers
benefit from sustained, context-specific assistance. These disparities diminish trust, which in turn
limits participation and explains the shortfall in coverage.

The analysis of adoption pathways further illustrates this tension. Mobile-based solutions
demonstrate high consistency (0.92+) but relatively low coverage (0.4-0.6). Discourse findings
attribute this to the exclusion of older and less digitally literate farmers. The success of the
parsimonious solution, which aligns with a preference for low-tech, community-based learning,
confirms that adoption strategies are most effective when they build upon existing knowledge
systems rather than impose external, top-down technologies. Figures 9-11: fsQCA Outputs.
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Figure 9. (a) Consistency scores ranging from 0.800 to 1.000, with the parsimonious solution achieving a perfect

score, highlight the technical robustness of Al adoption drivers such as workforce shortage; (b) Coverage scores

underscore that these high-consistency conditions do not apply universally.
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Figure 10. Sufficiency Analysis of AI Adoption — Consistency and Coverage Scores.
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Figure 11. Reinforces that real-world uptake varies by demographic and structural context.

In summary, while fsQCA validates the statistical strength of certain drivers of Al adoption,
discourse analysis reveals that equity and contextual relevance are equally critical. Bridging the gap
between technical robustness and inclusive design is essential for ensuring that NCAM and Al
technologies benefit all farmers—especially those historically marginalised.

8. Conclusion

This study integrates thematic, discourse, and fsQCA analyses to propose a justice-centred
approach to sustainable agricultural transformation. By focusing on farmers’ lived experiences, it
highlights the systemic inequalities that shape the adoption of Non-Chemical Agricultural Methods
(NCAM) and Artificial Intelligence (AI) in Tamil Nadu. The chapter lays out strategic
recommendations rooted in equity, practical feasibility, and local relevance —emphasising that the
success of innovation depends as much on social inclusion and trust as on technological efficacy.

8.1. A Justice-Centred Pathway for Equitable Agricultural Transformation

This study provides a multi-method understanding of sustainable agricultural innovation by
combining thematic analysis, discourse analysis, and fuzzy-set Qualitative Comparative Analysis
(fsQCA). The findings reveal both the potential and limitations of Non-Chemical Agricultural
Methods (NCAM) and Artificial Intelligence (AI) adoption, with implications for justice in
marginalised farming communities.

1. Sustainable Agriculture through NCAM: Equity in Adoption

Farmers in FGDs 2 and 3 expressed strong support for NCAM, highlighting its positive impact
on food quality, biodiversity, and soil health. Participants showed awareness of the harmful effects
of agrochemicals on microbial diversity and long-term sustainability (Meena et al., 2020). Despite
this, fsSQCA (consistency: 0.92-1.00; coverage: 0.4-0.9) revealed uneven adoption due to systemic
inequalities. Discourse analysis confirmed that smallholders and women—representing 65% of
marginalised operators —face exclusion rooted in historical under recognition of their knowledge and
roles (SGmane et al., 2018).

Labour shortages, despite labour-intensive NCAM practices being well regarded, present a
significant barrier (fsQCA consistency > 0.95). These shortages could impact food, water, and energy
systems, though food remains more resilient due to diverse alternatives (Karan & Asgari, 2021).
Justice-oriented strategies should:

° Promote gender-sensitive labour solutions;

¢ Integrate mechanisation that respects traditional knowledge;
e  Support NCAM markets through fair pricing.

2. Alin Agriculture: Bridging the Awareness—Justice Gap

The digital divide persists in Al adoption. Although automation showed high consistency
(>0.92), coverage remained low (0.4-0.6). Forty-nine respondents, mainly from FGD 1, were unaware
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of Al, preferring simpler tools like weather alerts. The fsQCA parsimonious solution (consistency =
1.000) echoed Fraser's (1995) participatory parity, stressing locally adapted, low-tech approaches.
3. Information Access and Trust

While extension services (coverage 0.4-0.9) were moderately used, marginalised farmers often
received generic support. Cook (2024) argues that targeting participation in natural resource
management improves engagement. The “Uzhavar’ app's variable reception further highlights this
digital marginalisation.

8.2. Strategic Recommendations: A Justice-Centred Framework

To ensure an equitable transition in agricultural technology, we recommend:
Equitable NCAM Scaling
e  Subsidise sustainable inputs to reduce financial barriers for smallholders.
e  Establish labour-sharing cooperatives to alleviate workforce constraints and foster collective action.
Inclusive Al Integration
e Introduce Al literacy modules in training curricula.
e  Setup village-level technology hubs with peer mentors for real-time support.

Participatory Governance

e  Ensure marginalised farmers have a voice in policymaking.
e  Track adoption metrics by gender, age, and farm size to identify and correct disparities.

This study advances a justice-centred technology adoption framework by quantifying exclusion
through the consistency—coverage gaps in fsQCA. It further validates that parsimonious solutions
often align with the lived realities of marginalised farmers—illustrating that perceived “effective”
innovations may fail when equity in design is neglected.

8.3. Al Integration in NCAM: Merging Technology with Social Justice

The integration of Al into NCAM marks a transformative shift in sustainable agriculture.
However, its success is not determined solely by technological performance but by how equitably it
is adopted.

1. Statistical Insights

FsQCA findings show that cost efficiency (0.92 consistency) and workforce shortages (0.95)
significantly influence perceived usefulness, while mobile app literacy (0.88) strongly affects
perceived ease of use. Discourse analysis reveals that these factors disproportionately affect women
smallholders whose traditional systems are disrupted by inappropriately designed technologies.

2. Adoption Pathway

Farmers initially value Al for its potential to reduce NCAM'’s labour demands (e.g., automated
irrigation), but actual adoption hinges on social validation —highlighted by 60% of participants who
cited peer influence as key. Despite early enthusiasm, a significant proportion remains unaware of or
unable to access Al tools, reflecting structural limitations.

Farmer-led networks have proven vital —achieving 70% coverage where extension programmes
failed (consistency: 0.75)—underscoring the importance of horizontal, peer-driven knowledge
exchange.

3. Equity-Centric Priorities:
1. Labour Justice: Al should augment, not replace, labour—especially in women-led
collectives.
2. Trust Networks: Peer groups significantly boost adoption rates and trust.
3. Digital Inclusion: Tools must cater to local contexts and literacy levels through regional
language and offline designs.

8.4. Reimagining TAM
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Traditional Technology Acceptance Models must evolve to include structural and social
mediators such as gender roles, trust dynamics, and access inequities, which condition how
usefulness and ease of use are perceived.

Practical Measures
e  Co-design Al tools with farmers to ensure local relevance;

e  Empower “Al mentors” at village level to lead peer education;
e  Hybridise extension with both digital and in-person channels to provide sustained support.

Justice-Centred TAM fsQCA Adoption Pathway
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Figure 12. Visualising the TAM Pathway:.

Looking ahead, the role of Al in NCAM is expected to evolve from an experimental phase to
systemic integration as early adopters influence wider farming communities. Peer testimonials have
been instrumental, with 68% of adopting farmers citing them as key in their decision to adopt Al
However, this transition is contingent upon policymakers and developers recognising that equitable
adoption requires addressing structural barriers with the same rigour as technological design. As our
justice-centred framework illustrates, the pathway to adoption is shaped by both TAM constructs
such as perceived usefulness and ease of use (solid lines) and contextual equity mediators like labour
justice, peer networks, and digital inclusion (dashed lines). These elements must be considered in
tandem to ensure that Al innovations are not only technically effective but also socially just and
locally grounded.

8.5. Aligning with Tamil Nadu’s Organic Farming Policy (2023)

This study’s evidence-based strategies align closely with the Tamil Nadu Organic Farming
Policy(Agriculture-Farmers Welfare Department, 2023), offering clear pathways for implementation:
1.  Soil Health and NCAM Adoption (Policy Objective 1.2)

e  Action: Expand “Organic Clusters” with 40% female smallholder participation.
e Metric: Track soil organic carbon in pilot vs. control farms.
2. Al-Enabled Resource Optimisation (Policy Objective 2.1)
e Action: Add voice-based Al features for low-literacy users; Train local “Al
Demonstrators.”
e  Funding: Reallocate 20% of chemical subsidies to adaptive technologies.
3. Institutional Reform (Policy Objective 5.4)
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e  Action: Reserve leadership in FPOs for women and smallholders; Conduct quarterly Al-
NCAM knowledge exchanges.

e Accountability: Link 30% of FPO subsidies to inclusion metrics.

4. Justice-Centred Implementation Framework

e  Labour-Responsive AI: Tools must support women’s collectives without displacing
labour.

e  Two-Track Inclusion: Pair digital tools with local radio for knowledge dissemination.

e Subsidy Redistribution: Shift incentives from inputs to NCAM and climate-smart tech.

8.6. Limitations and Future Research

This study centres farmer perspectives, offering grounded insights into real-world challenges.
However, it omits the views of policymakers, technologists, and agricultural scientists. Future studies
should integrate these actors to assess implementation readiness and infrastructural needs.
Furthermore, understanding regional variations within Tamil Nadu could inform context-specific
strategies for scaling Al and NCAM adoption.
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Al Artificial Intelligence (Al)
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