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Abstract

Encouraging smallholder tea farmers to reduce their reliance on chemical pesticides requires
attention not only to adoption status but also to adoption intensity. Yet evidence remains
limited on how perceived policy instruments are associated with adoption intensity and
whether these associations exhibit the same cognition-related pattern. This study examines
the associations of three perceived policy instruments—subsidy support, capacity-building
support, and information provision—with adoption intensity, measured as the number
of five predefined pesticide-reduction practice categories adopted by each farmer. Using
survey data from 282 smallholder tea farmers in Jian’ou City, Fujian Province, China, we
estimate ordered probit models and apply Karlson–Holm–Breen decomposition within an
ordered logit framework. The results show that all three perceived policy instruments are
positively associated with adoption intensity. The KHB results reveal different cognition-
related patterns across the three instruments. Multidimensional cognition partially accounts
for the association between subsidy support and adoption intensity. By contrast, no
corresponding indirect association is identified for capacity-building support or information
provision. These findings highlight the value of distinguishing among perceived policy
instruments when explaining smallholder tea farmers’ adoption intensity. The cognition-
related pattern identified for one instrument may not extend to others.

Keywords: pesticide-reduction practices; adoption intensity; perceived policy support;
multidimensional cognition; smallholder tea farmers; Jian’ou City

1. Introduction
Reducing dependence on chemical pesticides is a central challenge for sustainable

crop protection in tea production. Tea plants face persistent pest and disease pressures [1,2],
and chemical pesticide use remains an important production decision for tea farmers [3].
However, continued reliance on chemical control may exacerbate pesticide resistance [4]
and adversely affect non-target organisms and regional ecosystems [5,6]. Pesticide reduc-
tion should therefore not be understood simply as replacing conventional pesticides with
a single alternative input. Rather, it should follow integrated pest management (IPM)
principles of prevention, monitoring, targeted intervention, and the coordinated use of
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multiple control measures [7,8] and be viewed as part of a systemic transition in crop
protection [9,10]. In tea production, this transition encompasses need-based and precision
pesticide application, use of low-risk pest-control inputs, biological control, cultural and
ecological management, and mechanical or physical control.

This multi-practice character means that research on tea-farmer behavior should
go beyond whether farmers adopt any pesticide-reduction practice. Binary indicators
distinguish farmers who adopt no practices from those who adopt at least one but cannot
distinguish farmers who adopt only one practice from those who adopt multiple practices.
They thus mask variation in adoption intensity, as reflected in the number of practice
categories adopted. Accordingly, prior studies have distinguished adoption intensity
from simple adoption status [11–13], while recent research on tea farmers’ green-control
technologies has further distinguished adoption breadth and depth [14].

Explaining differences in adoption intensity requires attention to the external support
conditions that farmers face in pest and disease management. In smallholder adoption of
sustainable practices, economic incentives, capacity building, and information provision
are common policy instruments. They can address, respectively, economic constraints, gaps
in technical knowledge and operational capacity, and limited information about pesticide
risks and alternative options [15–20]. Subsidy support, capacity-building support, and
information provision can therefore be treated as three policy instrument categories di-
rectly relevant to the adoption of pesticide-reduction practices, corresponding to economic
incentives, capacity building, and information delivery. Because they address different
constraints and allocate resources through different channels, they should not be collapsed
into a generic measure of “policy support.” More importantly, formal policy arrangements
do not automatically enter farmers’ production decisions. Whether they become usable
decision resources also depends on whether farmers encounter or receive relevant support
and perceive it as closely related to their own production. Studies of farmer-level green
production behavior should therefore consider perceived policy instruments alongside in-
stitutional provision, because they capture how external support is experienced in farmers’
decision environments [21,22].

However, perceived policy instruments describe the external support environment
but do not fully explain specific behavioral choices. Even under similar support conditions,
farmers may make different choices because they evaluate the costs, benefits, risks, environ-
mental consequences, and their own capacity to implement practices differently. Reviews
and meta-analyses identify these cognitive and socio-psychological factors as important
correlates of sustainable-practice adoption [23–25]. Agricultural extension services have
been associated with greater willingness to use organic fertilizer, with ecological cognition
playing a partial mediating role [26]. Information interventions have also been found
to affect green technology adoption through changes in farmers’ perceptions of income,
safety, and health risks [20]. In addition, perceived benefits and perceived risks have
been associated with green production technology adoption, while policy subsidies and
market incentives moderate some of these relationships [27]. Existing tea-farmer research
has separately examined behavioral antecedents [28,29], government and organizational
conditions [30], cognition-linked normative pathways [31], and adoption breadth and
depth [14]. Yet evidence remains limited on treating subsidy support, capacity-building
support, and information provision as distinct perceived policy instruments, comparing
their associations with adoption intensity of pesticide-reduction practices, and assessing
whether multidimensional cognition statistically accounts for part of those associations
within the same tea-farmer sample.

Using survey data from 282 tea farmers in Jian’ou City, Fujian Province, China, this
study addresses these questions. First, it examines the associations of subsidy support,
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capacity-building support, and information provision with adoption intensity of pesticide-
reduction practices. Second, it assesses whether multidimensional cognition statistically
accounts for part of the association between each perceived policy instrument and adoption
intensity. By comparing the three perceived policy instruments and defining adoption
intensity as the number of pesticide-reduction practice categories reported as adopted by
each farmer, this study provides empirical evidence on differentiated policy instrument–
cognition–adoption relationships in tea production. Given the cross-sectional, self-reported
design, the estimates represent associations conditional on observed covariates rather than
causal effects of formal policy implementation.

2. Theoretical Framework and Hypotheses
2.1. Extended S-O-R Framework and Social Cognitive Theory

The S-O-R model argues that individual behavior is not directly or mechanically
determined by external stimuli. Instead, external stimuli influence behavioral responses
through individuals’ internal psychological states or cognitive processing [32]. Compared
with the traditional S-R logic, the S-O-R framework is better suited to explaining how
external environmental factors are transformed into behavioral choices through internal
states. In recent years, the extended S-O-R model has been widely used to explain the
associations among policy perception, environmental stimuli, technology adoption, and
green behavior. In this framework, the “organism” is not limited to emotional responses,
but can also refer to cognitive evaluation processes [33,34].

In this study, perceived policy instruments are regarded as external stimuli, farmers’
multidimensional cognition is treated as the organism-level cognitive mechanism, and
adoption intensity of pesticide-reduction practices is considered the behavioral response.
Specifically, perceived policy instruments include subsidy support, capacity-building sup-
port, and information provision. Adoption intensity is measured by the number of pesticide-
reduction practices adopted by tea farmers.

To further clarify the theoretical meaning of the organism component, this study intro-
duces social cognitive theory. Social cognitive theory emphasizes that individual behavior
is shaped through the interaction between external environment, personal cognition, and
behavioral outcomes. Individuals do not passively receive external stimuli; rather, they
evaluate behavioral choices based on outcome expectations and self-efficacy [35,36]. Out-
come expectations refer to individuals’ judgments about the potential costs, benefits, and
consequences of a behavior, while self-efficacy reflects their perceived ability to perform
that behavior. In the context of pesticide-reduction practices, this study conceptualizes
tea farmers’ multidimensional cognition as a comprehensive cognitive evaluation involv-
ing perceived application-cost advantage, perceived expected benefits, environmental
cognition, and self-efficacy.

2.2. Policy Instruments and Adoption Intensity of Pesticide-Reduction Practices

Pesticide-reduction practices are usually characterized by technical complexity and un-
certainty. Compared with conventional chemical pest control, practices such as need-based
and precision pesticide application, use of low-risk pest-control inputs, biological control,
cultural and ecological management, and mechanical and physical control often require
farmers to invest more learning effort, management attention and initial resources. For
smallholders, financial constraints, insufficient information and limited technical capacity
may restrict their transition from single-practice adoption to higher adoption intensity
across multiple practices. Therefore, external policy instruments may influence farmers’
adoption intensity by lowering adoption barriers, improving the information environment,
and strengthening implementation capacity.
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Subsidy support mainly works through economic incentives. When farmers adopt
low-risk pest-control inputs, biological control materials, or related pesticide-reduction
services, they often face additional costs and trial-and-error risks. Subsidies can reduce
initial investment pressure and concerns about potential losses, thereby increasing farmers’
likelihood of trying and expanding pesticide-reduction practices. Previous studies have
also shown that subsidies and incentive mechanisms can affect the adoption of sustainable
agricultural practices, although their effects depend on target groups, institutional design,
and specific technological contexts [15]. Therefore, this study proposes:

H1a. Subsidy support is positively associated with tea farmers’ adoption intensity of pesticide-
reduction practices.

Capacity-building support mainly operates through the enhancement of farmers’
technical capabilities. Pesticide reduction is not simply a matter of input substitution; it
involves pest identification, decisions on application timing, selection of alternative pest-
control measures, and coordination among multiple practices. Capacity-building support
can help farmers understand pesticide-related risks, acquire knowledge of alternative
pest-control methods, and improve their ability to implement integrated pest management.
Existing studies have found that farmer training can improve farmers’ understanding
of pesticide health risks, toxicity labels, and exposure risks, and that capacity-building
support and peer effects can influence farmers’ pesticide-use behavior [16–18]. Therefore,
this study proposes:

H1b. Capacity-building support is positively associated with tea farmers’ adoption intensity of
pesticide-reduction practices.

Information provision mainly works through information supply and awareness
raising. Compared with subsidies and capacity-building support, information provision
may not directly change farmers’ resource conditions or operational capacity, but it can
improve farmers’ awareness of pesticide residues, environmental pollution, food safety,
and the value of green production. Mass media campaigns and information dissemination
have been shown to improve smallholders’ knowledge of pesticide risks and alternative
pest management strategies, thereby promoting safer pest-control behavior [19]. Therefore,
this study proposes:

H1c. Information provision is positively associated with tea farmers’ adoption intensity of pesticide-
reduction practices.

2.3. The Mediating Role of Multidimensional Cognition

The extended S-O-R framework emphasizes that the effect of external stimuli on
behavioral responses may not occur directly, but may operate through individuals’ internal
psychological states or cognitive processes. For tea farmers, whether policy instruments can
promote the adoption of pesticide-reduction practices depends not only on the existence of
such instruments, but also on how farmers understand, evaluate, and internalize external
support. In other words, subsidy support, capacity-building support, and information
provision do not automatically translate into adoption behavior; rather, their effects depend
on farmers’ comprehensive judgments about costs, benefits, ecological consequences, and
their own implementation capacity.

Social cognitive theory provides a theoretical basis for explaining this cognitive trans-
formation process. It argues that individual behavior is formed through the interaction
among the external environment, personal cognition, and behavioral choices, and that out-
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come expectations and self-efficacy are key cognitive mechanisms shaping behavior [35,36].
Outcome expectations reflect individuals’ judgments about the costs, benefits, and external
consequences of a behavior, while self-efficacy reflects their perceived ability to perform
the behavior. In the context of pesticide-reduction practices, this study defines tea farmers’
multidimensional cognition as a comprehensive cognitive evaluation composed of outcome
expectations and self-efficacy.

Specifically, subsidy support may reduce farmers’ concerns about adoption costs
and trial-and-error risks, thereby improving their judgment of the economic feasibility of
pesticide-reduction practices. Capacity-building support may enhance farmers’ percep-
tions of technical operability and implementation capacity by providing knowledge about
pest identification, precision pesticide application, alternative pest-control measures, and
integrated management. Information provision may strengthen farmers’ understanding of
the ecological consequences and long-term benefits of pesticide reduction by disseminating
information on pesticide residues, environmental pollution, food safety, and the value of
green production. Although different policy instruments operate in different ways, they
may share a common logic: shaping farmers’ cognitive evaluations and thereby influencing
adoption intensity.

From the perspective of adoption behavior, if tea farmers perceive pesticide-reduction
practices as too costly, uncertain in benefits, limited in ecological value, or beyond their own
implementation capacity, they are more likely to maintain existing pesticide-use patterns
or adopt only low-threshold alternatives. Conversely, if farmers recognize the value of
pesticide-reduction practices in cost control, quality improvement, ecological improvement,
and long-term returns, and believe that they have the ability to implement such practices,
they are more likely to adopt a greater number of pesticide-reduction practices. Therefore,
multidimensional cognition may mediate the association between policy instruments and
adoption intensity of pesticide-reduction practices.

Based on the above analysis, this study proposes the following hypothesis:

H2. Tea farmers’ multidimensional cognition mediates the association between perceived policy
instruments and adoption intensity of pesticide-reduction practices.

Considering that this study distinguishes among three types of perceived policy in-
struments, namely subsidy support, capacity-building support, and information provision,
each type of policy instrument may influence adoption intensity through tea farmers’
multidimensional cognition. Accordingly, the following sub-hypotheses are proposed:

H2a. Tea farmers’ multidimensional cognition mediates the association between subsidy support
and adoption intensity of pesticide-reduction practices.

H2b. Tea farmers’ multidimensional cognition mediates the association between capacity-building
support and adoption intensity of pesticide-reduction practices.

H2c. Tea farmers’ multidimensional cognition mediates the association between information
provision and adoption intensity of pesticide-reduction practices.

2.4. Theoretical Mechanism Framework

Based on the extended S-O-R framework and social cognitive theory, this study con-
structs a theoretical mechanism framework linking policy instruments, multidimensional
cognition, and adoption intensity of pesticide-reduction practices, as shown in Figure 1. In
this framework, subsidy support, capacity-building support, and information provision
constitute perceived policy instruments and serve as external stimuli affecting farmers’
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behavior. Perceived application-cost advantage, perceived expected benefits, environ-
mental cognition, and self-efficacy jointly form tea farmers’ multidimensional cognition,
which represents the cognitive mechanism at the organism level. Adoption intensity of
pesticide-reduction practices is the final behavioral response.

Figure 1. Theoretical mechanism framework of policy instruments, multidimensional cognition, and
adoption intensity of pesticide-reduction practices.

This framework contains two types of pathways. First, perceived policy instruments
may directly affect tea farmers’ adoption intensity of pesticide-reduction practices. That
is, subsidy support, capacity-building support, and information provision may increase
farmers’ likelihood of adopting more pesticide-reduction practices by reducing costs,
enhancing capacity, and improving the information environment. Second, perceived policy
instruments may also exert indirect effects through multidimensional cognition. In this
pathway, policy instruments affect farmers’ judgments about costs, benefits, ecological
consequences, and their own capacity, which in turn influence their adoption intensity.
Therefore, this study focuses on the coexistence of direct policy effects and cognition-
mediated effects.

3. Materials and Methods
3.1. Study Area and Data Source

This study was conducted in Jian’ou City, Fujian Province, China. Located in northern
Fujian, Jian’ou is a tea-producing county-level area within the Wuyi Mountain region. The
study focuses on smallholder tea farmers’ adoption of pesticide-reduction practices in a
local tea-production setting.

The survey covered seven tea-producing towns in Jian’ou City: Xudun, Xiaosong,
Dongfeng, Dongyou, Xiaoqiao, Yushan, and Nanya. These towns were selected to cover
geographically dispersed tea-producing areas within the city. The location of the study
area and surveyed towns is shown in Figure 2.
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Figure 2. Location of the study area and surveyed towns in Jian’ou City, Fujian Province, China.

Data were collected through a household questionnaire survey conducted from July
to August 2025. Before the formal survey, a pre-test was conducted in June 2025 in tea-
producing areas of Jian’ou. The wording of the questionnaire and response options were
subsequently revised based on farmers’ feedback. The questionnaire covered farmers’
individual and household characteristics, tea-garden operation characteristics, adoption
of pesticide-reduction practices, perceived policy instruments, and cognition of pesticide-
reduction practices.

A three-stage stratified sampling strategy was used. First, seven tea-producing towns
were selected. Second, villages were selected within each sampled town according to
their geographical distribution, with at least three villages selected from each town. Third,
10–15 tea-farming households were selected from each sampled village. Respondents were
household members directly involved in tea production and familiar with production and
pest-management decisions.

The survey was conducted through face-to-face interviews by trained investigators
using structured questionnaires. After the survey, all questionnaires were checked for
completeness and logical consistency. Questionnaires with missing key information or
obvious logical contradictions were excluded. In total, 300 questionnaires were distributed,
of which 282 valid questionnaires were retained for empirical analysis, yielding an effective
response rate of 94.0%.

3.2. Variable Measurement
3.2.1. Dependent Variable: Adoption Intensity of Pesticide-Reduction Practices

The dependent variable in this study is the adoption intensity of pesticide-reduction
practices (AI). Rather than treating pesticide-reduction behavior as a simple binary choice
of adoption or non-adoption, this study focuses on whether tea farmers expand from a
single or low-threshold practice to the adoption of multiple pesticide-reduction practices.
Therefore, adoption intensity is measured by the number of pesticide-reduction practice
types adopted by tea farmers during the past three years.

https://doi.org/10.3390/su18147218
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Based on the logic of integrated pest management and green pest-control practices in
tea production, pesticide-reduction practices are classified into five categories: (1) need-
based and precision pesticide application, referring to pesticide application based on pest
monitoring, pest occurrence thresholds, or actual production needs; (2) use of low-risk
pest-control inputs, including botanical preparations, insect growth regulators, micro-
bial pesticides, and other lower-risk alternatives; (3) biological control, such as the use of
biopesticides and the release of natural enemies; (4) cultural and ecological management, in-
cluding intercropping, crop rotation, vegetation optimization, green manure, and the return
of crop residues to improve the ecological environment of tea gardens; and (5) mechanical
and physical control, including insecticidal lamps, sticky traps, and insect-proof nets.

Each practice type is coded as 1 if adopted and 0 otherwise. The five practice types are
then summed to generate the adoption intensity variable, ranging from 0 to 5. A higher
value indicates that the farmer adopted more types of pesticide-reduction practices and
therefore had a higher level of combined adoption.

3.2.2. Core Explanatory Variables: Perceived Policy Instruments

The core explanatory variables are tea farmers’ perceived policy instruments, including
subsidy support, capacity-building support, and information provision. It should be noted
that this study measures farmers’ perceived access to, receipt of, or evaluation of relevant
policy instruments rather than objective government-level policy inputs.

Subsidy support (SUB) reflects whether tea farmers perceived or received subsidy-
related support for pesticide-reduction technologies, inputs, or services. This variable is
coded as a binary variable. It takes the value of 1 if the farmer reported receiving relevant
subsidy support or obtaining related technologies, inputs, or services at a reduced cost,
and 0 otherwise.

Capacity-building support (CBS) reflects tea farmers’ perceived usefulness or intensity
of capacity-building support related to pesticide reduction, green pest control, safe pesticide
application, or related technologies. This variable is measured using a five-point Likert
scale. A higher value indicates greater perceived capacity-building support.

Information provision (INF) reflects tea farmers’ perceived exposure to information
dissemination and educational activities related to pesticide reduction, green production,
and ecological safety provided by governments, agricultural extension agencies, village
collectives, or relevant organizations. This variable is also measured using a five-point
Likert scale. A higher value indicates greater perceived exposure to information provision.

3.2.3. Mediating Variable: Multidimensional Cognition

The mediating variable is tea farmers’ multidimensional cognition (MC). According to
social cognitive theory, farmers’ adoption of pesticide-reduction practices is shaped not
only by external policy instruments but also by their evaluations of behavioral outcomes
and their perceived capacity to implement the practices. Based on the questionnaire
design, multidimensional cognition comprises four dimensions: perceived application-cost
advantage, perceived expected benefits, environmental cognition, and self-efficacy.

Perceived application-cost advantage (PAC) is measured using two items assess-
ing whether pesticide-reduction practices require additional monetary and time costs.
Perceived expected benefit (PEB) is measured using two items concerning the expected
improvements in tea quality and selling prices. Environmental cognition (EC) is measured
using two items assessing the perceived contributions of pesticide reduction to environmen-
tal protection and product safety. Self-efficacy (SE) is measured using two items concerning
farmers’ knowledge of and ability to implement pesticide-reduction practices.
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All eight items were measured on five-point Likert scales, with higher scores indicating
more positive cognitive evaluations. For the main mediation analysis, the entropy-weight
method is used to aggregate the eight items into a composite MC index. This data-driven
method assigns weights according to the variation in the information provided by each item,
thereby avoiding the ex ante assignment of subjective weights. A higher composite score
indicates a more favorable overall evaluation of the cost controllability, expected benefits,
environmental value, and implementation feasibility of pesticide-reduction practices.

To further examine whether different policy instruments operate through distinct
cognitive mechanisms, an exploratory analysis disaggregates MC into its four dimensions.
Each dimension is calculated as the arithmetic mean of its two corresponding items, and
the four dimension scores are entered simultaneously into the KHB decomposition. The
Spearman–Brown reliability coefficients are 0.818 for PAC, 0.838 for PEB, 0.817 for EC, and
0.927 for SE, indicating satisfactory internal consistency. The maximum variance inflation
factor among the four dimensions is 1.67, suggesting that multicollinearity does not pose a
serious concern.

3.2.4. Control Variables

To reduce potential omitted-variable bias, this study controls for individual character-
istics, household characteristics, and production characteristics of tea farmers. Individual
characteristics include gender, age, education level, and cooperative membership. House-
hold characteristics include household agricultural labor force and household income. Pro-
duction characteristics include tea planting area, the number of land plots, and tea-growing
experience. Table 1 provides detailed information on the definitions and measurement
approaches of the variables used in the empirical analysis.

Table 1. Variable definitions and measurement.

Variable (Abbreviation) Measurement and Coding

Adoption intensity (AI)

Count of pesticide-reduction practice categories adopted in the past three years:
(1) need-based and precision application; (2) low-risk pest-control inputs; (3) biological
control; (4) cultural and ecological management; and (5) mechanical and physical control.
Each category is coded 1 if adopted and 0 otherwise; total = 0–5.

Subsidy support (SUB) 0 = no perceived or received subsidy support; 1 = perceived or received subsidy-related
support for pesticide-reduction practices, inputs, technologies, or services.

Capacity-building support (CBS)
Five-point Likert scale of perceived usefulness or intensity of support related to pesticide
reduction, green pest control, or safe pesticide application; higher = stronger perceived
support.

Information provision (INF)
Five-point Likert scale of perceived exposure to publicity, information, or education on
pesticide reduction, green production, and ecological safety; higher = stronger perceived
information provision.

Multidimensional cognition (MC) Entropy-weighted composite of eight items on application-cost advantage, expected
benefits, environmental cognition, and self-efficacy; higher = more favorable cognition.

Gender (GEN) 0 = female; 1 = male.

Age (AGE) Respondent age (years).

Education level (EDU) 1 = primary school or below; 2 = junior high school; 3 = senior high school or technical
secondary school; 4 = college degree or above.

Cooperative membership (COOP) 0 = non-member; 1 = member of a tea cooperative or association.

Household agricultural labor force
(LABOR) 1 = ≤3 persons; 2 = 4–6 persons; 3 = >6 persons.

Household income level (INC) 1 = ≤30,000 yuan; 2 = 30,000–50,000 yuan; 3 = 50,000–100,000 yuan; 4 = >100,000 yuan.
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Table 1. Cont.

Variable (Abbreviation) Measurement and Coding

Tea planting area (AREA) 1 = <5 mu; 2 = 5–10 mu; 3 = >10 mu.

Number of land plots (PLOTS) 1 = 1–3 plots; 2 = 4–6 plots; 3 = >6 plots.

Tea-growing experience (EXP) 1 = ≤5 years; 2 = 6–15 years; 3 = 16–25 years; 4 = >25 years.

These variables may simultaneously affect farmers’ perceptions of policy instruments
and their adoption of pesticide-reduction practices. For example, farmers with higher
education levels may be better able to understand pesticide-reduction technologies and
policy information. Farmers who are members of tea cooperatives or associations may
have better access to training, information, and subsidies. Farmers with larger tea planting
areas may be more able to spread the costs of green pest-control facilities and technology
learning; whereas, a larger number of land plots may increase the difficulty of unified
management and technology implementation.

3.3. Model Specification
3.3.1. Baseline Ordered Probit Model and Marginal Effects

Because the dependent variable AI is an ordered discrete variable ranging from 0
to 5, this study uses an ordered probit model to estimate the effects of perceived policy
instruments on the adoption intensity of pesticide-reduction practices. The baseline model
is specified as follows:

AI∗i = β1SUBi + β2CBSi + β3 INFi + γTXi + εi (1)

AIi =


0, AI∗i ≤ τ1,

j, τj < AI∗i ≤ τj+1, j = 1, 2, 3, 4,

5, AI∗i > τ5.

(2)

where AI∗i denotes the latent adoption intensity of farmer i, and AIi is the observed ordered
adoption intensity. SUBi, CBSi, and INFi represent subsidy support, capacity-building
support, and information provision, respectively. Xi denotes the vector of control variables,
including individual, household, and production characteristics, and γ is the corresponding
coefficient vector. The error term εi follows a standard normal distribution. The ordered
thresholds satisfy τ1 < τ2 < τ3 < τ4 < τ5.

Since the coefficients of the Ordered Probit model indicate the direction and statistical
significance of the effects but cannot be directly interpreted as changes in probabilities, this
study further calculates average marginal effects. The marginal effects show how each
policy instrument changes the probability that a farmer falls into each adoption intensity
category from AI = 0 to AI = 5.

3.3.2. KHB Mediation Analysis Approach

To examine whether multidimensional cognition mediates the associations between
perceived policy instruments and adoption intensity, this study employs the Karlson–Holm–
Breen (KHB) method within an ordered logit framework [37,38]. The KHB decomposes the
total association of each policy instrument with adoption intensity into direct and indirect
components while correcting for the rescaling problem that arises when coefficients from
nested nonlinear probability models are compared. Simulation evidence further supports
the suitability of the KHB method for estimating mediation effects and their standard
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errors in ordinal logistic regression models [39]. The reduced and full models are specified
as follows:

AI∗(R)
i = θ1SUBi + θ2CBSi + θ3 INFi + δTXi + ε

(R)
i (3)

AI∗(F)
i = ϕ1SUBi +ϕ2CBSi +ϕ3 INFi +ϕ4MCi + λTXi + ε

(F)
i (4)

where AI∗(R)
i and AI∗(F)

i denote the latent adoption intensity indices in the reduced and full
ordered logit models, respectively. SUBi, CBSi, and INFi denote subsidy support, capacity-
building support, and information provision; MCi denotes multidimensional cognition; and
Xi is the vector of control variables. δ and λ are the corresponding coefficient vectors. In the
ordered-logit specification, the latent disturbance follows a standard logistic distribution.

In the KHB decomposition, the reduced model is rescaled before its coefficients are
compared with those from the full model. The KHB method addresses this problem by
rescaling the reduced model and decomposing the association of each policy instrument
with adoption intensity into a total association, a direct association, and an indirect associa-
tion through multidimensional cognition on a common scale. All three policy instruments
are entered simultaneously, and the same control variables used in the baseline model are
included as concomitant variables.

The indirect association is considered statistically significant when the KHB difference
between the rescaled reduced model coefficient and the full model coefficient is statistically
different from zero. Statistically significant direct and indirect associations are consistent
with a partial mediation pattern; whereas, a statistically significant indirect association
accompanied by a statistically insignificant direct association is consistent with a full
mediation pattern. The mediated percentage is also reported as a descriptive estimate of
the share of the total association attributable to the cognition-mediated pathway.

3.3.3. Robustness, Common Method Bias, and Heterogeneity Analyses

Several additional analyses are conducted to assess the robustness of the baseline
results. First, the ordered probit model is replaced with an ordered logit model. Consistent
signs and statistical significance of the main policy variables across the two specifications
are regarded as evidence that the results are not driven by the choice of the nonlinear
probability model.

Second, entropy balancing is applied to subsidy support, which is measured as a
binary indicator. The non-recipient group is reweighted to match the subsidy-recipient
group with respect to observed individual, household, and production characteristics,
including gender, age, education level, cooperative membership, household agricultural
labor force, household income, tea planting area, number of land plots, and tea-growing
experience. The entropy-balanced weights are then used to re-estimate the ordered logit
model. This procedure assesses whether the association between subsidy support and
adoption intensity remains robust after balancing observed covariates. Because capacity-
building support and information provision are measured as ordinal perceived-support
variables, they are not dichotomized for matching, as doing so would discard information
and introduce arbitrary thresholds. Entropy balancing can reduce selection bias associated
with observed characteristics but cannot eliminate bias arising from unobserved factors or
reverse causality.

Because capacity-building support, information provision, and multidimensional cog-
nition are based on responses from the same questionnaire, potential common method bias
is further assessed using Harman’s single-factor test. An unrotated principal component
analysis is performed using capacity-building support, information provision, and the
eight cognition items. The absence of a single factor accounting for the majority of the total
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variance is interpreted as diagnostic evidence that no dominant common method factor is
present. However, this test cannot completely rule out common method bias.

Finally, exploratory heterogeneity analyses are conducted according to cooperative
membership and education level. Farmers are classified as cooperative members or non-
members and as belonging to lower- or higher-education groups. The lower-education
group includes respondents with junior high school education or below; whereas, the
higher-education group includes those with senior high school, technical secondary school,
college, or higher education.

Rather than inferring heterogeneity solely from differences in significance across
separate subgroup regressions, full-sample ordered probit models are estimated with
interaction terms between each policy instrument and the corresponding grouping variable.
Formal interaction tests are then used to determine whether the associations between policy
instruments and adoption intensity differ statistically across groups. Separate subgroup
regressions are retained only as supplementary descriptive evidence. Given the relatively
small size of the higher-education subgroup, the heterogeneity results are interpreted as
exploratory rather than conclusive.

4. Results
4.1. Descriptive Statistics and Distribution of Adoption Intensity

As shown in Table 2, the mean value of adoption intensity is 2.021, with a standard
deviation of 1.150. This indicates that surveyed farmers adopted approximately two types
of pesticide-reduction practices on average, while considerable variation existed across
farmers. Among the three perceived policy instruments, the mean value of subsidy support
is 0.149, suggesting that about 14.9% of the respondents perceived or received subsidy-
related support. The mean values of capacity-building support and information provision
are 2.826 and 3.340, respectively, indicating that farmers perceived information provision
more strongly than capacity-building support. The mean value of multidimensional cog-
nition is 0.597, with a standard deviation of 0.186, showing that farmers differed in their
cognitive evaluations of pesticide-reduction practices.

Table 2. Descriptive statistics.

Variable Mean Std. Dev. Min Max

Adoption intensity (AI) 2.021 1.150 0.000 5.000
Subsidy support (SUB) 0.149 0.357 0.000 1.000
Capacity-building support (CBS) 2.826 1.364 1.000 5.000
Information provision (INF) 3.340 1.301 1.000 5.000
Multidimensional cognition (MC) 0.597 0.186 0.085 1.000
Gender (GEN) 0.862 0.346 0.000 1.000
Age (AGE) 51.280 9.859 28.000 75.000
Education level (EDU) 1.904 0.917 1.000 4.000
Cooperative membership (COOP) 0.553 0.498 0.000 1.000
Household agricultural labor force (LABOR) 1.206 0.499 1.000 3.000
Household income level (INC) 3.465 0.844 1.000 4.000
Tea planting area (AREA) 2.543 0.653 1.000 3.000
Number of land plots (PLOTS) 1.560 0.668 1.000 3.000
Tea-growing experience (EXP) 3.128 0.859 1.000 4.000
Perceived application-cost advantage (PAC) 2.911 1.064 1.000 5.000
Perceived expected benefits (PEB) 3.679 1.074 1.000 5.000
Environmental cognition (EC) 4.142 0.768 1.500 5.000
Self-efficacy (SE) 3.954 0.895 1.000 5.000
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Most respondents were male, with an average age of 51.28 years. The mean edu-
cation level is 1.904. About 55.3% of the respondents were members of tea cooperatives
or associations.

In terms of specific practice types, the use of low-risk pest-control inputs was the most
widely adopted pesticide-reduction practice, with an adoption rate of 84.75%. The adoption
rates of need-based and precision pesticide application, biological control, cultural and
ecological management, and mechanical and physical control were 43.26%, 30.14%, 26.60%,
and 16.67%, respectively.

Figure 3 presents the distribution of adoption intensity. The results show that 8.16% of
farmers did not adopt any pesticide-reduction practices. Farmers adopting one, two, and
three types of practices accounted for 25.53%, 35.46%, and 19.50%, respectively, while only
9.57% and 1.77% adopted four and five types of practices.

Figure 3. Distribution of adoption intensity.

This distribution indicates that most farmers had already adopted at least one pesticide-
reduction practice, but adoption intensity was mainly concentrated at low to medium levels.
High-intensity adoption involving four or more practices remained relatively limited.

4.2. Baseline Regression Results

As shown in Table 3, the estimated coefficients of subsidy support, capacity-building
support, and information provision are all positive and significant at the 1% level, re-
gardless of whether control variables are included. This indicates that all three types
of perceived policy instruments are positively associated with the adoption intensity of
pesticide-reduction practices.

Table 3. Baseline Ordered Probit estimates.

Variable Model 1: Policy Only Model 2: Full Model

Subsidy support 0.730 ***
(0.190)

0.661 ***
(0.188)

Capacity-building support 0.221 ***
(0.058)

0.205 ***
(0.062)

Information provision 0.179 ***
(0.062)

0.196 ***
(0.064)

Gender 0.160
(0.178)
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Table 3. Cont.

Age −0.007
(0.008)

Education level 0.006
(0.083)

Cooperative membership 0.152
(0.158)

Household agricultural labor force −0.159
(0.120)

Household income level 0.233 **
(0.092)

Tea planting area 0.238 *
(0.126)

Number of land plots −0.357 ***
(0.124)

Tea-growing experience −0.138
(0.085)

Observations 282 282

Log likelihood −393.522 −376.382

Wald chi2 59.523 126.238

Pseudo R2 0.091 0.131
Notes: Model 1 includes the three perceived policy instruments only. Model 2 additionally includes the control
variables listed in Table 1. Robust standard errors are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

After controlling for individual characteristics, household resource endowments, and
production characteristics in Model 2, the coefficients of subsidy support, capacity-building
support, and information provision are 0.661, 0.205, and 0.196, respectively, and all are
significant at the 1% level. Therefore, H1a, H1b, and H1c are supported.

4.3. Marginal Effects

As shown in Table 4, all three policy instruments significantly reduce the probability
of farmers being in the lowest adoption-intensity categories and significantly increase the
probability of being in higher adoption-intensity categories, especially AI = 3, AI = 4, and
AI = 5.

Table 4. Average marginal effects of policy instruments.

Variable AI = 0 AI = 1 AI = 2 AI = 3 AI = 4 AI = 5

Subsidy support −0.057 ***
(0.014)

−0.119 ***
(0.035)

−0.033
(0.021)

0.081 ***
(0.023)

0.098 ***
(0.035)

0.030 **
(0.015)

Capacity-building support −0.025 ***
(0.008)

−0.035 ***
(0.011)

0.002
(0.003)

0.026 ***
(0.008)

0.025 ***
(0.008)

0.007 **
(0.003)

Information provision −0.024 ***
(0.008)

−0.033 ***
(0.010)

0.001
(0.003)

0.025 ***
(0.008)

0.024 ***
(0.008)

0.007 **
(0.003)

Notes: Entries are average marginal effects from Model 2, averaged over the estimation sample. For subsidy
support, effects are discrete changes in predicted probabilities when the variable changes from 0 to 1. For capacity-
building support and information provision, effects are average partial derivatives of predicted probabilities
with respect to their respective five-point scores. Robust standard errors are reported in parentheses. ** p < 0.05,
*** p < 0.01.
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Specifically, subsidy support reduces the probability of adopting no practices and
adopting only one practice by 5.7 and 11.9 percentage points, respectively. At the same
time, it increases the probability of adopting three, four, and five practices by 8.1, 9.8, and
3.0 percentage points, respectively. Capacity-building support and information provision
show similar patterns: both significantly reduce the probabilities of AI = 0 and AI = 1, and
significantly increase the probabilities of AI = 3, AI = 4, and AI = 5.

4.4. Robustness Checks

To test the robustness of the baseline results, this study replaces the ordered probit
model with an ordered logit model. As shown in Table 5, the coefficients of subsidy support,
capacity-building support, and information provision remain positive and significant at the
1% level. In the ordered logit model, the coefficients of subsidy support, capacity-building
support, and information provision are 1.156, 0.360, and 0.343. The signs and statistical
significance of these estimates are consistent with the Baseline Ordered Probit results.

Table 5. Robustness checks using an alternative model specification and entropy balancing.

Robustness Check Policy Instrument Coefficient Robust Std. Err. p-Value N Specification/
Diagnostic

Alternative ordered-logit
model Subsidy support 1.156 *** 0.345 0.001 282 Full controls

included

Capacity-building
support 0.360 *** 0.116 0.002 282 Full controls

included

Information provision 0.343 *** 0.119 0.004 282 Full controls
included

Entropy-balanced
ordered-logit model Subsidy support 1.011 *** 0.369 0.006 282 Control-group

ESS = 112.64

Notes: Alternative ordered-logit and entropy-balanced ordered-logit estimates are reported. All models include
the three perceived policy instruments and the control variables listed in Table 1. Robust standard errors are
reported in the “Robust Std. Err.” column. ESS denotes effective sample size. For the entropy-balanced model, the
non-recipient group is reweighted to match the subsidy-recipient group on observed covariates. *** p < 0.01.

To further assess whether the estimated association of subsidy support with adoption
intensity reflects observable differences between farmers reporting subsidy support and
those not reporting such support, this study applies entropy balancing. As reported in
Table 5, the coefficient of subsidy support remains positive and statistically significant in
the entropy-balanced ordered logit model (coefficient = 1.011, p = 0.006). The effective
sample size of the weighted non-recipient group is 112.64, and the maximum weight is
0.929. This result indicates that the association remains positive and statistically significant
after reweighting on observed covariates.

Because capacity-building support, information provision, and multidimensional
cognition were measured using the same questionnaire, potential common method bias
was further assessed using Harman’s single-factor test. An unrotated principal component
analysis of capacity-building support, information provision, and the eight cognition
items extracted four components with eigenvalues greater than one. The first component
accounted for 36.69% of the total variance, indicating that no single factor explained the
majority of the covariance among the variables.

4.5. KHB Mediation Analysis

To assess the mediating role of multidimensional cognition in the associations between
perceived policy instruments and adoption intensity, this study applies the Karlson–Holm–
Breen (KHB) method within an ordered logit framework. The KHB method decomposes
the association between each policy instrument and adoption intensity into total, direct,
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and indirect components while accounting for the rescaling problem that arises when
coefficients from nested nonlinear models are compared.

As shown in Table 6, subsidy support has a significant positive total association
with adoption intensity (coefficient = 1.194, p = 0.001). After multidimensional cog-
nition is included, the direct association remains positive and statistically significant
(coefficient = 0.746, p = 0.048). The indirect association through multidimensional cog-
nition is also statistically significant (coefficient = 0.448, p = 0.001), accounting for 37.49% of
the total association. These results support a partial mediation pattern in the association
between subsidy support and adoption intensity.

Table 6. KHB decomposition of the mediating role of multidimensional cognition.

Policy Instrument Total Association
(Rescaled Reduced Model)

Direct Association
(Full Model)

Indirect Association
via Multidimensional
Cognition (Difference)

Mediated
Proportion (%)

Subsidy support 1.194 *** (0.367) 0.746 ** (0.378) 0.448 *** (0.132) 37.49

Capacity-building support 0.370 *** (0.114) 0.343 *** (0.114) 0.027 (0.098) 7.43

Information provision 0.374 *** (0.118) 0.330 *** (0.118) 0.044 (0.098) 11.89

Notes: Ordered-logit KHB estimates. The table reports total associations from the rescaled reduced model, direct
associations from the full model, and indirect associations calculated as their KHB difference. Robust standard
errors are reported in parentheses. N = 282. Mediated proportions are descriptive when the corresponding indirect
association is not statistically significant. ** p < 0.05, *** p < 0.01.

Capacity-building support and information provision also show significant positive
total and direct associations with adoption intensity. However, their indirect associations
through multidimensional cognition are not statistically significant. Specifically, the indirect
association is 0.027 for capacity-building support (p = 0.779) and 0.044 for information
provision (p = 0.651). Although the corresponding mediated proportions are 7.43% and
11.89%, respectively, these proportions should not be interpreted as evidence of mediation
because the indirect associations are not statistically different from zero.

Accordingly, H2a is supported; whereas, H2b and H2c are not supported. Overall, the
results provide statistical support for a partial mediation pattern only in the association
between subsidy support and adoption intensity. The KHB results do not provide statistical
evidence that it mediates the associations of capacity-building support or information
provision with adoption intensity in the present sample.

An exploratory disaggregation of multidimensional cognition into perceived application-
cost advantage, perceived expected benefits, environmental cognition, and self-efficacy is
reported in Table S1. When the four dimensions are entered simultaneously, their joint
indirect association remains significant for subsidy support (coefficient = 0.444, p = 0.008).
However, none of the dimension-specific indirect associations reach statistical significance
at the 5% level. Self-efficacy accounts for the largest share of the subsidy-related joint indi-
rect association (37.28%) and is marginally significant at the 10% level (coefficient = 0.166,
p = 0.061). By contrast, the joint indirect associations remain statistically insignificant for
capacity-building support (p = 0.693) and information provision (p = 0.591).

4.6. Heterogeneity Analysis

This study further examines whether the associations between perceived policy instru-
ments and adoption intensity vary according to cooperative membership and education
level. The sample includes 126 farmers who are not cooperative members and 156 coopera-
tive members. The lower-education group contains 214 farmers with junior high school
education or below; whereas, the higher-education group contains 68 farmers with senior
high school, technical secondary school, or higher education.
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Rather than inferring heterogeneity from differences in statistical significance across
separate subgroup regressions, this study estimates full-sample ordered probit models con-
taining interaction terms between each policy instrument and the corresponding grouping
variable. As shown in Table 7, none of the interactions between the three policy instruments
and cooperative membership are statistically significant. The interaction coefficients are
0.561 for subsidy support, 0.087 for capacity-building support, and −0.142 for information
provision, with p-values of 0.186, 0.492, and 0.284, respectively. Therefore, although the
separate subgroup estimates display different patterns, the formal tests do not provide
conclusive evidence that the associations of the three policy instruments differ between
cooperative members and non-members.

Table 7. Formal tests of heterogeneity by cooperative membership and education level.

Grouping Variable Interaction Term Coefficient Robust
Std. Err. p-Value

Cooperative membership Subsidy support × Cooperative membership 0.561 0.424 0.186
Capacity-building support × Cooperative membership 0.087 0.126 0.492
Information provision × Cooperative membership −0.142 0.133 0.284

Education level Subsidy support × Higher education −0.335 0.407 0.411
Capacity-building support × Higher education 0.229 * 0.124 0.065
Information provision × Higher education 0.176 0.145 0.224

Notes: Entries are interaction coefficients from full-sample ordered probit models. In each model, the three
perceived policy instruments, the main effect of the relevant grouping variable, and the three corresponding
interaction terms are entered simultaneously, together with all remaining control variables listed in Table 1.
Non-members and lower-education farmers are the reference groups. Higher education denotes senior high
school, technical secondary school, or above. N = 282 in each model. Robust standard errors are reported in the
Robust Std. Err. column. * p < 0.10.

For education level, the interactions of subsidy support and information provision
with the higher-education group are not statistically significant. The interaction between
capacity-building support and higher education is positive and marginally significant at
the 10% level (coefficient = 0.229, p = 0.065).

The original subgroup regression results are reported in Supplementary Table S2 to
illustrate the observed patterns within each group. Overall, the formal interaction tests
provide limited evidence of systematic heterogeneity.

5. Discussion
5.1. Perceived Policy Instruments and Adoption Intensity

The results show that perceived subsidy support, capacity-building support, and
information provision were each positively associated with tea farmers’ adoption intensity
of pesticide-reduction practices. This pattern is consistent with research that treats the
adoption of sustainable practices as a portfolio decision rather than a single yes-or-no
choice [11,13], and it complements recent tea-specific work on the breadth and depth of
green-control technology adoption [14]. The present findings add a different comparison:
they consider whether three forms of farmer-perceived policy support are associated with
the number of pesticide-reduction practices adopted within the same tea-farmer sample.

The positive association of subsidy support with adoption intensity is broadly consis-
tent with evidence that incentives linked to short-term economic benefits are more likely
to be associated with the adoption of sustainable agricultural practices [15]. However, it
contrasts with Tambo and Liverpool-Tasie [40], who found that farm-input subsidies in
Zambia could discourage integrated pest-management adoption. The contrast suggests that
the relevant question is not simply whether farmers receive subsidies, but what the subsidy
supports. Subsidies for conventional inputs may reinforce existing pesticide-dependent
production paths; whereas, support perceived as related to pesticide-reduction practices
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may be associated with the addition of alternative practices. This interpretation remains ten-
tative because the present survey did not identify the specific design, amount, or delivery
mechanism of subsidy support.

The capacity-building result also requires a qualified interpretation. Training studies
have reported improvements in pesticide-related knowledge [16], although such gains do
not necessarily translate into uniform changes in pesticide-safety practices. For example,
a recent cluster-randomized trial among Ugandan smallholders improved knowledge
and some attitudes but found no significant improvement in general pesticide-safety
practices [18]. Similarly, training among vegetable farmers in Bangladesh improved some
pesticide-handling practices while pesticide use increased [41]. Against this evidence, the
positive association between perceived capacity-building support and adoption intensity
should not be interpreted as showing that training necessarily reduces pesticide use. Rather,
it indicates that farmers reporting stronger capacity-building support were also more likely
to report a broader portfolio of pesticide-reduction practices.

A similar distinction applies to information provision. Mass-media campaigns in East
Africa were associated with improved knowledge of pesticide risks and increased adoption
of safer alternatives, while not necessarily discouraging synthetic pesticide use [19]. This is
closely related to the present outcome measure: adoption intensity captures the number
of pesticide-reduction practice categories adopted, not the quantity of chemical pesticides
applied. Thus, the positive association between perceived information provision and
adoption intensity may reflect the addition of alternative or complementary practices, but it
does not demonstrate a reduction in overall pesticide use. Across the three instruments, the
findings therefore point to the relevance of financial, capacity-related, and informational
support for multi-practice adoption, while leaving open how different forms of support
affect actual pesticide-use levels.

5.2. Multidimensional Cognition and Differentiated Policy Mechanisms

The KHB results reveal a more specific pattern than the baseline associations. Multi-
dimensional cognition provides statistical support for a partial mediation pattern only in
the association between subsidy support and adoption intensity: the indirect association
accounts for 37.49% of the total association, while the direct association remains statisti-
cally significant. The exploratory disaggregation further shows that the four cognitive
dimensions are jointly significant; whereas, none of the individual indirect associations
reaches the 5% level. Although self-efficacy accounts for the largest share and is marginally
significant, the results do not identify a dominant single mediator. The subsidy-related
pattern is therefore better understood as a combined cognitive-evaluation pathway rather
than a single-channel mechanism.

Previous studies provide several related but distinct cognitive pathways. Liu and
Liu [27] show that policy subsidies can encourage green-technology adoption while weak-
ening the negative association between perceived risks and adoption. Guo et al. [34] found
that technical cognition mediated the association between environmental regulation and
farmers’ adoption of safety agro-utilization technology cognition-to-adoption pathway.
Other studies identify different cognitive structures: ecological cognition partially mediates
the association between agricultural extension services and willingness to use organic
fertilizer [26]; whereas, tea farmers’ cognition has been linked to green production behavior
through social and personal norms [31]. Compared with these findings, the present study
identifies a narrower pattern. Perceived subsidy support is associated with pesticide-
reduction adoption intensity partly through farmers’ combined evaluations of application
costs, expected benefits, environmental consequences, and implementation capability. At
the same time, the persistence of a significant direct association and the absence of a sig-
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nificant single-dimension pathway indicate that subsidy-related cognition should not be
reduced to one isolated perception. Given the cross-sectional and perception-based design,
this result represents a statistical mediation pattern rather than a causal mechanism.

The nonsignificant indirect associations for capacity-building support and information
provision should likewise be interpreted against the specific cognitive constructs used in
earlier studies. Liu et al. [42] found that cooperative technical training promoted organic-
fertilizer adoption mainly through farmers’ technical ability, while perception played a
comparatively smaller mediating role. This differs from the present result for capacity-
building support, but the two studies measure different forms of support and different
mechanisms: participation in a specific training program and technical ability in the former,
versus perceived capacity-building support and a broader cognition index in the present
study. For information provision, Chen et al. [20] found that information intervention
affected green-technology adoption through income, safety, and health risk perceptions;
whereas, environmental risk perception did not form a significant mediation pathway. This
differentiated evidence is consistent with the present finding that information provision
was positively associated with adoption intensity but did not show a significant indirect
association through the four cognitive dimensions measured here. Accordingly, the results
do not indicate that capacity-building support or information provision lacks cognitive
relevance; they indicate only that the present cognitive measures did not jointly provide
statistical support for mediation in these associations.

5.3. Limited and Exploratory Heterogeneity by Cooperative Membership and Education

The formal interaction tests provide limited evidence of systematic heterogeneity in
the associations between perceived policy instruments and adoption intensity. None of the
interactions between subsidy support, capacity-building support, or information provision
and cooperative membership are statistically significant. For education, the interactions
involving subsidy support and information provision are also statistically insignificant.
Only the interaction between capacity-building support and higher education is positive
and marginally significant at the 10% level. Accordingly, differences in coefficients across
the separate subgroup regressions should not be interpreted as evidence that the policy-
support associations differ systematically across farmer groups.

Previous tea-farmer research suggests that organizational support and participation
can be associated with green production behavior [30]. However, this does not imply that
cooperative membership necessarily changes the associations between perceived policy
instruments and adoption intensity. The present analysis tests the latter question and
finds no statistically significant membership-based differences. This result should not be
interpreted as evidence that cooperatives are unimportant. Cooperative membership is
only a binary indicator and does not capture the frequency, quality, or content of services
that members receive.

The marginally positive education interaction for capacity-building support should
also be interpreted cautiously. The higher-education subgroup includes only 68 farmers,
and the interaction does not reach the 5% significance level. It therefore provides, at most,
exploratory evidence that the association between perceived capacity-building support
and adoption intensity may vary by education level. The results do not support strong
policy differentiation by cooperative membership or education. Instead, they suggest that
support should remain broadly accessible, while future research with larger and more
diverse samples should examine whether service intensity and educational differences
shape these associations.
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5.4. Policy Implications

Policy implementation should pay attention to whether financial, capacity-building,
and informational support are perceived by farmers as accessible and relevant to their
production decisions. In the present sample, all three forms of perceived support were pos-
itively associated with the adoption of a broader portfolio of pesticide-reduction practices.
This suggests that the practical reach of existing support depends not only on its formal
provision, but also on how it is communicated and experienced by smallholder tea farmers.

Subsidy-related support should be communicated in ways that help farmers assess
the practical feasibility of supported pesticide-reduction practices. The partial mediation
pattern for subsidy support indicates that farmers’ evaluations of application costs, expected
benefits, environmental consequences, and implementation capability are relevant to its
association with practice adoption. Clear information about the scope of support and its
relevance to feasible practices may therefore help farmers judge whether particular options
fit their own tea-garden conditions.

Access to relevant support should not be made contingent solely on cooperative
membership or education level. The formal interaction tests provided no robust evidence
that the associations between perceived policy support and adoption intensity differed
systematically across these groups. Support should therefore remain accessible to farmers
with different organizational connections and educational backgrounds, rather than being
based on assumptions that particular groups are consistently more responsive to a given
form of support.

5.5. Limitations and Future Research

This study is based on cross-sectional survey data from 282 tea farmers in Jian’ou City,
Fujian Province. The design does not establish temporal ordering or causal effects, and the
empirical checks cannot fully eliminate reverse causality or bias from unobserved factors.
In addition, the core variables rely on farmers’ self-reports. Perceived policy support,
cognition, and reported practice adoption may be affected by recall bias, social-desirability
bias, prior experience, or local governance perceptions. Although Harman’s single-factor
test did not indicate a dominant common-method factor, common-method bias cannot be
fully excluded.

The findings should also be interpreted within the specific regional and sample con-
text. The Jian’ou sample does not represent all tea-producing regions or other crop sys-
tems, and the exploratory education-related result is based on a relatively small higher-
education subgroup (n = 68). Accordingly, neither the observed associations nor the
limited heterogeneity pattern should be generalized without caution. Larger and multi-
regional samples are needed to assess whether these patterns remain stable across different
tea-production settings.

Finally, adoption intensity is measured as the number of pesticide-reduction practice
categories adopted. It does not capture differences in implementation area, frequency,
technical quality, pesticide-input reduction, or ecological performance. Likewise, the four
cognitive dimensions do not encompass all mechanisms potentially linking perceived
support with adoption behavior. Future research could combine longitudinal household
surveys with policy-implementation records and direct measures of pesticide inputs, pest-
management performance, and production outcomes.

6. Conclusions
Using survey data from 282 smallholder tea farmers in Jian’ou City, Fujian Province,

this study examined the associations between perceived policy support and the adoption
intensity of pesticide-reduction practices. Adoption intensity was measured as the number
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of five practice categories adopted, rather than as a binary adoption decision. The results
show that perceived subsidy support, capacity-building support, and information provision
were each positively associated with the adoption of a broader pesticide-reduction practice
portfolio. In the full ordered probit model, the corresponding coefficients were 0.661, 0.205,
and 0.196, respectively, and all were statistically significant at the 1% level. The marginal-
effect estimates further indicated lower predicted probabilities of remaining at the lowest
adoption levels and higher predicted probabilities of adopting multiple practices.

The central contribution of the study lies in showing that the cognitive pattern was not
uniform across the three perceived support channels. Multidimensional cognition provided
statistical support for a partial mediation pattern only in the association between subsidy
support and adoption intensity: the indirect association was 0.448 and accounted for 37.49%
of the total association. By contrast, the indirect associations for capacity-building support
and information provision were not statistically significant. The four-dimension analysis
further showed that the subsidy-related indirect association was jointly significant, while
no individual cognitive dimension reached the 5% significance level. Thus, the findings
do not identify a single dominant cognitive mechanism. In addition, formal interaction
tests provided only limited evidence that these associations differed systematically by
cooperative membership or education level.

These findings suggest that the implementation of pesticide-reduction support should
attend to whether farmers perceive available support as accessible and relevant to their
production decisions. They also indicate that subsidy-related support may be more closely
associated with farmers’ combined evaluations of costs, benefits, environmental conse-
quences, and implementation capability than are the other two perceived support channels.
However, the study is limited by its cross-sectional design, single regional sample, self-
reported measures, and practice-count outcome. The results therefore describe statistical as-
sociations rather than causal policy impacts, and they do not measure actual pesticide-input
reductions or ecological outcomes. Future research should use larger multi-regional and
longitudinal datasets, combine household surveys with objective policy-implementation
records, and link adoption measures to pesticide use, pest-management performance, and
production outcomes.
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