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Abstract

Based on survey data from 579 farmer households in major non-timber forest prod-
uct (NTFP) regions of Zhejiang Province, this study comprehensively employs binary
logit/ordered probit and machine learning methods for cross-validation. It systematically
examines the effects of multiple factors, including perceived property rights security, tech-
nical training, village rules and regulations, ecological awareness, and economic incentives,
on forest farmers” adoption of green production technologies. The cross-validation between
econometric and machine learning approaches enhances the reliability of the findings. Re-
sults show that perceived property rights security is robustly and positively associated with
green production behavior, while village rules and regulations and ecological awareness
emerge as the two most critical driving factors. These associations exhibit significant NTFP-
type heterogeneity: the impacts of technical training and forestry subsidies vary in direction
depending on the crop cultivated, rendering traditional one-size-fits-all policies ineffective.
This study highlights the crucial role of informal institutions and environmental awareness
in the green transition, offering empirical evidence for designing differentiated training
programs, optimizing penalty gradients, and implementing targeted subsidy policies.

Keywords: non-timber forest products; green production behavior; heterogeneity analysis;
cross-validation

1. Introduction

Non-timber forest products (NTFPs) play a critical role in achieving the synergy
between sustainable forestry development and income growth for mountain forest farm-
ers [1,2]. As a national pioneer in the under-forest economy, Zhejiang Province has intro-
duced a series of policy measures since 2024, including the Several Policy Measures on
Accelerating the High-Quality Development of the Under-Forest Economy. These poli-
cies explicitly set goals such as establishing over 100 common-prosperity parks for the
under-forest economy and generating an additional RMB 20 billion in output value, while
incorporating green production behavior (GPB) into the core evaluation indicators for forest
food certification and standardized forestry land development. Nevertheless, in practice,
the adoption rate of green production technologies among forest farmers remains low [3].
Their behavioral decisions are influenced by a complex set of factors, including property
rights institutions, technical training, village rules and regulations, ecological awareness,
and economic incentives [4]. Identifying the direction, relative importance, and heterogene-
ity of these factors is of urgent practical significance for optimizing policy design [5,6].
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Existing research has yielded substantial findings on farmers” GPB, yet systematic
analyses focusing on NTFPs as a unique operational object remain insufficient [7,8]. The
relationship between property rights security and forest farmers’ long-term green invest-
ment behavior is often simplified to the legal dimension of holding forest tenure certificates,
neglecting the more direct psychological factor of farmers’ perceived property rights secu-
rity [9]. Regarding technical training, most studies assume a uniformly positive effect [10].
However, technical requirements and training adaptability may vary across different NTFP
types, and the heterogeneity of training effects has not received sufficient attention. Fur-
thermore, how the stringency of penalties in village rules and regulations is associated with
GPB, and how ecological awareness is related to it requires further empirical testing [11,12].
Theoretically, the integrated application of the Theory of Planned Behavior, Property Rights
Theory, and Incentive Theory remains largely conceptual, lacking systematic empirical
testing of these multidimensional factors [13-15]. Methodologically, while traditional
econometric models provide marginal effect estimates, they struggle to capture nonlinear
relationships and high-order interaction effects among variables. In contrast, machine
learning methods excel at prediction and feature ranking but are often criticized for their
black-box nature, which lacks economic interpretability [16,17].

To address these gaps, this study aims to identify the key drivers and NTFP-type
heterogeneity of forest farmers’ green production behavior in NTFP production. Draw-
ing on survey data from 579 farmer households in the main NTFP-producing regions of
Zhejiang Province, this study constructs an analytical framework encompassing perceived
property rights security, technical training, village rules and regulations, ecological aware-
ness, economic incentives, and operational characteristics. First, binary logit and ordered
probit models are employed to estimate the marginal effects of each factor on the adoption
decision and adoption intensity of green production technologies, followed by NTFP-type
heterogeneous group regressions. Second, machine learning models are used to output fea-
ture importance rankings, and Shapley Additive Explanations (SHAP) values are applied to
visualize the nonlinear relationships and interaction effects of key variables. By comparing
out-of-sample prediction accuracy and mutually validating variable importance across
methods, this study verifies the stable positive effect of these factors on GPB. This approach
not only retains the economic meaning of marginal effects but also uncovers the nonlinear
patterns and interaction effects of core variables such as village rules and regulations and
ecological awareness, offering empirical evidence for differentiated NTFP green produc-
tion policies. The remainder of this paper is organized as follows: Section 2 develops the
theoretical framework and hypotheses; Section 3 describes the data and methods; Section 4
presents the results and discussion; and Section 5 concludes with policy implications.

2. Theoretical Analysis and Research Hypotheses
2.1. Theoretical Basis

The theoretical analysis of this study integrates the Theory of Planned Behavior,
Property Rights Theory, and Incentive Theory. The Theory of Planned Behavior posits
that behavioral intention is jointly determined by attitudes toward behavior, subjective
norms, and perceived behavioral control [18]. In the context of green production decisions
for NTFPs, forest farmers’” ecological awareness, the social pressure from village rules
and regulations, and perceived property rights security together with resource conditions
shape their adoption intensity and behavior. Property Rights Theory emphasizes that the
security and stability of property rights directly affect resource users’ incentives to make
long-term investments and adopt sustainable management practices [19,20]. For forestland
management, subjectively perceived property rights security constitutes the core property
rights foundation of farmers’ decision-making. Incentive Theory suggests that economic
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incentives and organizational support can promote the adoption of GPB by reducing costs
and increasing expected benefits [21]. Based on the above theories, this study classifies
influencing factors into five categories, property rights security, human and social capital,
economic incentives, operational characteristics, and external environment, and examines
their effects on the adoption decision and adoption intensity of green production practices.

2.2. Perceived Property Rights Security and GPB

Property rights security is a key prerequisite for motivating forest farmers to undertake
long-term green investments. According to Property Rights Theory, when forestland rights
are clear and protected, farmers are more willing to invest in sustainable management
measures with longer payback periods [22]. Behavioral economics research indicates that
subjective perceptions often influence decisions more directly than objective facts [23]. Even
if forestland is objectively free of disputes, farmers’ willingness to make long-term green
investments may still be suppressed if they worry about future policy changes or potential
rights infringement. Only when farmers are subjectively convinced that their rights and
interests are protected can the endogenous incentive for GPB be fully realized. Therefore,
this study focuses on forest farmers’ perceived property rights security regarding forestland.
Accordingly, we propose Hypothesis 1 (H1): A higher level of perceived property rights
security is positively associated with GPB.

2.3. Roles of Technical Training, Village Rules, and Ecological Awareness

Technical training is an important intervention for enhancing forest farmers’ capacity
to adopt green production technologies. Through systematic knowledge transfer and skill
acquisition, technical training can lower the technical barriers and cognitive costs of green
production [24]. However, differences in technical requirements, training content, and
applicability across NTFP types may lead to heterogeneous training effects. For example,
bamboo has a short management cycle and fast regrowth, making training effects readily
observable; in contrast, tea production demands high quality control, and inappropriate
training may even be counterproductive. Therefore, this study argues that the effect of
technical training is not uniformly positive but exhibits heterogeneity across NTFP types.
Accordingly, we propose Hypothesis 2 (H2): The effect of the frequency of forestry technical
training is heterogeneous (varying by NTFP type).

Village rules and regulations, as informal institutional arrangements in rural commu-
nities, constrain farmers’ production and management behaviors through social sanctions
and reputational mechanisms. In the context of NTFP production, such rules may be related
to forestland protection, fertilizer and pesticide use, harvesting behavior, waste disposal,
and other practices that affect the ecological quality of products such as Moso Bamboo,
Camellia Oleifera, and Tea Plant. The severity of penalties for undesirable behaviors is
a core manifestation of the binding force of village rules and regulations [25]. Moderate
penalty severity can create effective deterrence while maintaining acceptability among
community members, thereby incentivizing the internalization of green production norms.
Meanwhile, ecological awareness reflects the extent to which forest farmers recognize that
green production contributes to the value realization of forest products, and is a direct
manifestation of attitudes toward behavior in the Theory of Planned Behavior [26]. Farmers
with higher levels of ecological awareness are more inclined to adopt green production
technologies. Thus, village rules and regulations and ecological awareness represent two
different but complementary mechanisms: the former reflects external community-level
constraints, while the latter reflects farmers’ internal environmental motivation. Accord-
ingly, we propose Hypothesis 3 (H3): Village rules and regulations and ecological awareness
have positive associations on GPB.
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2.4. Economic Incentives and Heterogeneity in Operational Characteristics

Economic incentives are an important external driver influencing forest farmers” GPB.
Forestry subsidies directly reduce the marginal cost of green production and, through
a signaling effect, enhance farmers’ expectations and confidence in policy support [27].
The greater the number of subsidy programs, the stronger the policy support received by
farmers, and the more likely they are to adopt green production technologies. At the same
time, the share of forestry income in total household income reflects the degree to which
farmers’ livelihoods depend on forestry operations. The higher this share, the greater the
long-term incentive for farmers to maintain forestland productivity and adopt green and
sustainable production methods to secure their long-term income sources. Accordingly,
we propose Hypothesis 4 (H4): The number of forestry subsidies and the share of forestry
income have positive effects on GPB.

Different types of NTFPs exhibit significant differences in growth cycles, market values,
technical requirements, and policy attention [28]. Bamboo has a short management cycle
and fast regrowth; oil tea has a long payback period and high upfront investment; and
tea production demands high quality control and brand development. These differences
may lead to heterogeneity in the factors influencing GPB across crop types. Furthermore,
forestland area reflects operational scale; farmers with larger areas may be more willing to
adopt green technologies due to economies of scale. The number of forestland plots reflects
the degree of land fragmentation; too many plots may increase coordination costs and
monitoring difficulty, inhibiting the overall adoption of green technologies. Accordingly,
we propose Hypothesis 5 (H5): NTFP type and operational scale have heterogeneous effects
on GPB. Based on the above analysis, the final core hypotheses are summarized in Table 1.

Table 1. Hypothesis contents and covered variables.

No. Hypothesis Content Covered Original Variables

A higher level of perceived property rights

Hi security is positively associated with GPB Perceived property rights security
H The effect of the frequency of forestry Forestry technical training
technical training is heterogeneous frequency
H3 Village rules and ecological awareness have Village rules and ecological
positive effects awareness
Ha The number of forestry subsidies and the Number of forestry subsidies,
income share have positive effects income share
. Planting (Moso Bamboo, Camellia
H5 NTEP type and operational scale have Oleifera, Tea Plant) and number

heterogeneous effects of forestland plots

3. Data and Methods
3.1. Study Area and Sampling Design

The data used in this study were obtained from a field survey conducted by the
research team in Zhejiang Province from February to April 2026. Zhejiang Province is
one of the major NTFP-producing regions in China, with a well-developed under-forest
economy and abundant practical experience in green development [29]. It is also the
birthplace of the concept “lucid waters and lush mountains are invaluable assets” and a
national pioneer demonstration zone for ecological civilization construction. Therefore,
selecting Zhejiang Province as the study area provides a typical and representative context
for examining forest farmers’ adoption of green production technologies.
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The sampling design combined stratified sampling, purposive sampling, and random
sampling. First, based on the dominant NTFP production areas in Zhejiang Province,
three representative crops, namely Moso Bamboo, Camellia Oleifera, and Tea Plant, were
selected as case crops. These crops are not only important components of the local NTFP
industry, but also represent different production and management characteristics. Moso
Bamboo has a short management cycle and strong regeneration capacity, Camellia Oleifera
requires relatively long-term investment, and Tea Plant involves higher requirements for
quality control and refined management. Thus, these three crops provide suitable cases
for examining NTFP-type heterogeneity in GPB. Second, five sample counties were se-
lected according to NTFP production conditions. In each county, 2-3 townships were
selected based on cooperative distribution, economic development, and geographical lo-
cation; within each township, 2-3 administrative villages were chosen. Finally, with the
assistance of village committees and local cooperatives, eligible households engaged in
the three target crops were identified, and farmer households were randomly selected for
face-to-face surveys. A total of 620 questionnaires were distributed, and 579 valid ques-
tionnaires were returned, yielding an effective response rate of 93.4%. The sample covered
forest farmers with different ages, education levels, and operational scales, demonstrating
good representativeness.

3.2. Descriptive Statistics

Table 2 provides clear definitions and descriptive statistics for the core variables. The
dependent variables are adoption (AD) and adoption intensity (Al). AD is a binary variable
coded as 1 if the forest farmer adopts green production technologies and 0 otherwise. Its
mean is 0.693 (SD = 0.462). Al is an ordered categorical variable reflecting the number of
green production technologies adopted, with a mean of 1.731 (SD = 1.343). The explanatory
variables cover individual characteristics, household characteristics, operational character-
istics, cognitive levels, and crop types. The age distribution of forest farmers is relatively
dispersed; males account for the vast majority (mean gender = 0.896), and the mean age is
50.254 years. The mean years of education is 7.630, indicating a relatively low level of edu-
cation overall. The mean household labor force size is 2.394 members. The mean number of
forestry subsidies received is 0.625, suggesting that subsidy coverage is not high. The mean
forestland area is 3.471 hectares, and the mean number of forestland plots is 4.067, reflecting
a fragmented pattern of forestland management. The mean ecological awareness is 0.625,
indicating that more than 60% of forest farmers agree that green production contributes to
the value realization of forest products. All variables are defined in detail in Table 2.

Table 2. Descriptive statistics of main variables.

Variable Type Variable Name Variable Description Symbol Mean Star'lda.rd
Deviation
. . Whether green production technologies
Dependent Adoption (binary) are adopted: Yes = 1, No = 0 AD 0.693 0.462
variables L . Number of green production
Adoption intensity technologies adopted Al 1.731 1.343
Gender Male =1, Female =0 GE 0.896 0.305
Age Actual age of the farmer (years) AG 50.254 11.711
Explgnatory Education level Years of formal education (years) EL 7.630 2.537
variables
Political status Village cadre: Yes =1, No =0 PS 0.294 0.456
Household labor force Number of labor force members HL 2.394 0.805
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Table 2. Cont.
. . . . Standard
Variable Type Variable Name Variable Description Symbol Mean .
Deviation
Business experience Yes=1,No=0 BE 0.261 0.439
Soil fertility 1 = Good; 2 = Medium; 3 = Poor SF 1.855 0.625
Forestry subsidies Number O.f fore.stry su]?s1dy programs FS 0.625 0.529
received in the given year
Income share Share of agrlcultuFal 1ncorrl1)e in total IS 0.461 0.241
household income (%)
. Household income from forestry
Forestry income operations (RMB 10,000) FI 7.813 4.469
Cooperative Whether the farmer has joined a
membership cooperative: Yes =1, No =0 M 0294 0456
Forestland area owned by the
Forestland area household (ha) WA 3.471 1.743
Number of forestland =~ Number of forestland plots owned by NEP  4.067 1.795
plots the household
Number of times the farmer participated
Forestry technical in forestry technical training in the past FT 2.820 1.496
three years
Explanatory Perceived severity of penalties for
variables Village rules and undesirable behaviors: No penalty =1,
regulations Too light = 2, Moderate = 3, Too VR 2.097 0.910
severe = 4
Whether agrees that green production
Ecological awareness  contributes to the value realization of EC 0.625 0.484
forest products: Yes =1, No =0
Place safety Whether there areN léuldldlsputes: Yes =0, ETS 0.801 0.399
Degree of agreement that forestland
Perceived propert rights and interests are protected:
richts seIZ urIi)t y Strongly disagree = 1, Slightly PTS 2.755 1.079
& y disagree = 2, Neutral = 3, Slightly
agree = 4, Strongly agree = 5
Moso Bamboo Whether they plant Moso Bamboo: MB 0.212 0.409
Yes=1,No=0
Camellia Oleifera Whether they plant Camellia Oleifera: o 0263 0.440
Yes=1,No=0
Tea Plant Whether they pll\algt_TSa Plant: Yes =1, TP 0.287 0.453

3.3. Econometric Model Specification

Before model specification, a multicollinearity test was first conducted using the

Pearson correlation coefficient. The formula for calculating the correlation coefficient R is

as follows:

gl —x

R— x)(
\/Z?:l (xi — 7)2\/2
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where x; and y; denote the values of the i-th variable, and X and ¥ represent the means of
all input explanatory variables x and the dependent variable y, respectively. For the binary
variable of adoption (AD), this study employs a binary logit model.

This model assumes that the probability of a forest farmer adopting GPB follows a
logistic distribution. Let the dependent variable AD; take the value 1 if adopted and 0 if
not adopted. The core formula is as follows [30]:

exp(Xip)

P(AD; =1| X;) = T+ exp(XiB)’ 2)
where X; is the vector of explanatory variables and f is the vector of coefficients to be
estimated. This formula represents the probability of adoption given the independent
variables, and the model is estimated using the maximum likelihood estimation method.
For the ordered categorical variable of Al, which ranges from 0 to 4, this study employs
an ordered probit model. This model is based on a latent variable framework, assum-
ing the existence of an unobservable continuous latent variable Al;*, with the following
linear expression [31]:

AIZ-* = Xl'ﬁ + €j, € ~ N(O,l), (3)

where €; follows a standard normal distribution. Furthermore, based on a threshold model,
the continuous latent variable Al;* is mapped to the ordered observed outcomes (levels
0 to 4). The model estimates a set of cutoff points (thresholds 1 <y < ... < pq), and the
observed Al; is determined by which interval Al;* falls into [32]:

0, ifAIr <
1, if < Ali* < U2
AL =12, ifuy < AI* < s, )
3, if nz < AII»* < Hq
4, AT >y

Thus, the probability that a forest farmer’s Al equals a specific level j can be
expressed as:

P(AL; =j | X;) = ®(pjr1 — XiB) — P (pj — XiB), )

where ®(-) is the standard normal cumulative distribution function, and we define pg = —co,
us = +oo. The thresholds yq through py are estimated jointly with the coefficient vector
B using the maximum likelihood estimation method. Unlike ordinary least squares, the
ordered probit model has a discrete ordered-dependent variable; therefore, maximum
likelihood estimation is employed to ensure the consistency and efficiency of the parameter
estimates. To test the robustness of the model, the ordinary least squares (OLS) model is
further employed for robustness checks.

3.4. Machine Learning Model Establishment

For the binary variable of adoption (whether to adopt it), this study employs binary
classification models for prediction. For the ordered categorical variable of Al, multi-class
classification models are used. To capture potential complex nonlinear relationships and in-
teraction effects among variables, this study further establishes machine learning prediction
models. The algorithm selection is based on an ensemble learning framework, and a total
of nine classification algorithms are compared, including K-Nearest Neighbors, Logistic
Regression, Support Vector Machine, Decision Tree, Random Forest, Gradient Boosting Tree,
eXtreme Gradient Boosting (XGB), Multi-Layer Perceptron, and Light Gradient Boosting
Machine [33-36]. All 579 samples were randomly divided into a training set and a test set
at a ratio of 8:2, resulting in 463 samples in the training set and 116 samples in the test set.
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Grid search was used for hyperparameter tuning, and accuracy and F1 score were adopted
as comprehensive metrics for evaluating model performance. The formulas for accuracy
and F1 score are as follows [37]:

TP+ TN

A = 7
Uy = TP Y TN+ FP+ EN

(6)

where TP (true positive), TN (true negative), FP (false positive), and FN (false negative) are
defined. For binary classification problems, the F1 score is calculated as:
Precision x Recall

F1=2 7
% Precision + Recall’ )

where precision equals TP/(TP + FP) and recall equals TP/(TP + FN). For multi-class
classification problems, this study adopts a weighted average approach to compute the
F1 score, fully taking into account class imbalance. The calculation of the weighted F1
score involves three steps. First, precision and recall are calculated separately for each
class. Second, the F1 score for each class is obtained. Third, the F1 scores of all classes are
weighted summed using the proportion of samples in each class to the total number of
samples as the weight. The specific calculation is as follows:

Suppose there are K classes. For the k-th class, let TP, denote the number of true posi-
tives, FPy the number of false positives, and FNj the number of false negatives. Then [38]:

Precision;, x Recally
Precisiony + Recally’

Flk =2X (8)
Let 1 be the number of samples in the k-th class and N the total number of samples.
The weight for that class is wy, = 1 /N. The weighted F1 score is then calculated as:

K
WeightedF1 = ) wy x Flj. )
k=1

In this study, the weighted F1 score described above is uniformly adopted as one of
the evaluation metrics for multi-class classification tasks, and together with accuracy, it is
used for comparing and selecting among the nine classification algorithms.

To further explore the complex interaction effects of explanatory variables on forest
farmers” adoption of GPB, this study introduces the SHAP (Shapley Additive Explanations)
algorithm based on game theory for feature importance and marginal contribution analysis.
The SHAP algorithm employs a contribution accumulation interpretation strategy, approxi-
mating the output of the black-box machine learning model as a linear sum of contributions
from each input variable, and decomposes the prediction for each sample. The SHAP value
¢; of a single variable jj to the prediction f(x) is defined as follows [39,40]:

[S['(E[=IS[=[1)!

=¥ UL~ £S)) (10)

SCF{j}

where F is the set of all features, S is any subset of features not containing j, and f(S) denotes
the model prediction using only the features in subset S.

4. Results and Discussion
4.1. Benchmark Regression Results

To test for multicollinearity among the model variables, this study calculated the Pear-
son correlation coefficients between all explanatory variables (Figure 1). The correlations
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between all explanatory variables were below 0.6, confirming that multicollinearity is not a
serious concern.

GE *
AG wk * L 2
EL *
PS 0.8
HL *
BE e *
SF 0.6
FS * k%
IS
FI
CM
WA
NFP *
FT * B 02

-04

Variables
Pearson Correlation Coefficient

FLORIESE S QARSETEGZIOI

Variables

Figure 1. Pearson correlation coefficient matrix with significance markers (***, **, and * indicate
significance levels of 1%, 5%, and 10%).

Based on the regression results presented in Table 3, in terms of overall model fit,
the likelihood ratio chi-square of the Al model is 242.548, significant at the 1% level.
The McFadden R? is 0.144, indicating that the model has good explanatory power. The
estimation results of the AD model are largely consistent with those of the Al model in
terms of variable significance. For example, age (AG), income share (IS), forestland area
(WA), village rules and regulations (VR), ecological awareness (EC), and perceived property
rights security (PTS) are all significant and have the same direction of effects, indicating
that the conclusions of the two models are consistent (Table 3).

The benchmark regression results show that perceived property rights security is
robustly and positively associated with GPB. In the Al model, the coefficient of perceived
property rights security (PTS) is 0.249, significantly positive at the 1% level (z = 5.619). In
the AD model, it is also significantly positive (coefficient 0.896, p < 0.01). This indicates that
stronger subjective perceptions of forestland rights protection increase farmers’ adoption
intensity of green production technologies. Thus, stable perceived property rights can
strengthen farmers’ willingness to make long-term green investments, supporting H1.

Village rules and regulations and ecological awareness also have significant positive
effects on GPB. In the Al model, the coefficients of village rules and regulations (VR) and
ecological awareness (EC) are 0.380 and 0.932, respectively, both significant at the 1%
level. In the AD model, VR is marginally significant at the 10% level, while EC remains
significantly positive at the 1% level. These results indicate that moderate penalties and
ecological value recognition can promote both adoption decisions and adoption intensity.
This suggests that informal institutions and ecological awareness are important internal
mechanisms shaping farmers’ green production behavior, supporting H3.

Economic incentives show positive but relatively weaker effects. The coefficient of
forestry subsidies (FS) is 0.190, significant at the 5% level, while the coefficient of income
share (IS) is 0.331, marginally significant at the 10% level. Both positive coefficients indicate
that subsidies and higher forestry income dependence can enhance farmers’ adoption
intensity. This confirms the role of economic incentives in reducing green production costs
and strengthening long-term production motivation, supporting H4.
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Table 3. Binary Logit and Ordered Probit regression results.

Variables AD: Binary Logit AI: Ordered Probit
GE 0.127 (0.342) 0.138 (0.898)
AG —0.078 *** (—7.206) —0.032 *** (—7.551)
EL 0.000 (0.005) 0.003 (0.170)
PS 0.029 (0.116) —0.169 (—1.642)
HL —0.134 (—0.943) —0.123 ** (—2.114)
BE 0.246 (0.928) 0.133 (1.248)
SF 0.225 (1.211) 0.031 (0.411)
FS 0.302 (1.412) 0.190 ** (2.153)

IS 1.257 *** (2.689) 0.331 * (1.703)
FI 0.037 (1.426) 0.006 (0.584)
CM 0.133 (0.530) —0.015 (—0.149)
WA 0.217 *** (3.228) 0.076 *** (2.833)
NEP 0.008 (0.123) —0.005 (—0.196)
FT 0.058 (0.750) 0.017 (0.535)
VR 0.210 * (1.781) 0.380 *** (7.209)
EC 1.755 *** (7.226) 0.932 *** (9.059)
FTS 0.214 (0.785) 0.155 (1.290)
PTS 0.896 *** (7.474) 0.249 *** (5.619)
MB 0.327 (1.155) 0.095 (0.825)
CcO 0.017 (0.065) —0.068 (—0.636)
TP 0.001 (0.004) 0.019 (0.187)
LR chi? 207.753 *** 242548 ***
McFadden R? 0.291 0.144
Observations 579 579

Note: ***,** and * indicate significance levels of 1%, 5%, and 10%, and z value is in parentheses.

By contrast, technical training, crop type, and operational scale are not directly

supported in the full-sample regression. This suggests that the effects proposed in
H2 and H5 may vary across NTFP types and therefore require further NTFP-type
heterogeneity analyses.

To test the robustness of the benchmark regression results, we further employ the OLS
model to estimate the dependent variables (AD and AI). The results, presented in Table 4,
show that the significance and direction of the effects for the core explanatory variables
are highly consistent with those from the logit/probit regression results in Table 3. For
example, key variables such as forestland area (WA), village rules and regulations (VR),
ecological awareness (EC), and perceived property rights security (PTS) maintain consistent
coefficient signs and significance levels in the AD and Al estimations across both model
specifications. This indicates that the core findings of the baseline regression regarding the
positive roles of perceived property rights security, informal institutions, and ecological
awareness in promoting farmers’ adoption of green production practices are robust to
alternative model specifications.

Table 4. Robustness test results (OLS model).

Variables AD Al
GE 0.004 (0.071) 0.130 (0.847)
AG —0.011 *** (—7.853) —0.034 *** (—8.409)
EL 0.001 (0.179) 0.004 (0.235)
PS 0.005 (0.129) —0.169 * (—1.652)
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Table 4. Cont.

Variables AD Al
HL —0.022 (—1.050) —0.116 ** (—2.003)
BE 0.042 (1.109) 0.129 (1.207)
SF 0.028 (1.048) 0.035 (0.475)
FS 0.038 (1.208) 0.183 ** (2.074)
IS 0.177 *** (2.584) 0.401 ** (2.073)
FI 0.006 (1.589) 0.007 (0.669)
CM 0.015 (0.414) 0.002 (0.021)
WA 0.031 *** (3.281) 0.081 *** (3.023)
NFP —0.002 (—0.267) —0.005 (—0.206)
FT 0.006 (0.561) 0.022 (0.712)
VR 0.035 * (1.905) 0.281 *** (5.452)
EC 0.286 *** (8.190) 0.980 *** (9.961)
FTS 0.017 (0.405) 0.132 (1.110)
PTS 0.127 **+* (8.213) 0.253 *** (5.808)
MB 0.032 (0.783) 0.104 (0.908)
CcO 0.012 (0.317) —0.041 (—0.387)
TP 0.001 (0.027) 0.023 (0.224)
R?/Adjusted R? 0.304/0.278 0.364/0.321
F value F (21, 557) = 11.594 *** F (21, 557) = 14.010 ***
Observations 579 579

Note: ***, ** and * indicate significance levels of 1%, 5%, and 10%, and ¢ value is in parentheses.

4.2. Heterogeneity Analysis

Based on the heterogeneity analysis results presented in Table 5, this study conducted
group regressions according to three NTFP types (Moso Bamboo, Camellia Oleifera, and Tea
Plant) to further test the robustness and heterogeneity of each hypothesis across different
grower groups. In terms of model fit, the likelihood ratio chi-square of each group model is
significant, and the McFadden R? ranges from 0.132 to 0.471, indicating that the models
have reasonable explanatory power. Regarding sample sizes, the Moso Bamboo group has
123 observations, the Camellia Oleifera group 152 observations, and the Tea Plant group
166 observations. Overall, the effects of age, ecological awareness, and perceived property
rights security are consistent across groups, while factors such as business experience,
forestry subsidies, forestland area, village rules and regulations, and training exhibit
significant between-group heterogeneity.

H1 is further supported in the heterogeneity analysis. Perceived property rights
security (PTS) is significantly positive in all groups and in both models, with significance
levels reaching 1%. This indicates that, regardless of whether farmers plant Moso Bamboo,
Camellia Oleifera, or Tea Plant, their subjective perception of forestland rights protection
consistently promotes the adoption and Al of green production technologies. Thus, H1 has
universal applicability across crops.

H2 is supported in the heterogeneity analysis. Forestry technical training (FT) is
marginally significantly positive in the AD model for the Moso Bamboo group (coefficient
0.460, p < 0.1), but significantly negative in the Al model for the Tea Plant group (coefficient
—0.116, p < 0.1), with opposite directions. This result supports the heterogeneity hypothesis
H2, i.e., the effect of training varies by crop type: it has a positive effect on Moso Bamboo
growers but a negative effect on Tea Plant growers.
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Table 5. Heterogeneity analysis results.
MB coO P
Variables
AD Al AD Al AD Al
GE —0.303 —0.380 —0.587 0.149 0.916 0.485
(—0.273) (—1.013) (—0.689) (0.468) (1.251) (1.469)
AG —0.077 ** —0.029 *** —0.087 *** —0.032 *** —0.095 *** —0.025 ***
(—2.455) (—3.200) (—3.472) (—3.535) (—4.002) (—3.129)
EL —0.036 0.005 —0.138 —0.032 —0.036 0.020
(—0.263) (0.112) (—1.357) (—0.809) (—0.390) (0.549)
PS —1.832 ** —0.178 0.346 —0.275 0.053 -0.172
(—2.133) (—0.717) (0.637) (—1.333) (0.108) (—0.893)
HL 0.047 —0.160 —0.164 —0.244 —0.050 —-0.117
(0.116) (—1.185) (—0.510) (—1.952) (—0.194) (—1.114)
BE 3.383 *** 0.560 ** —0.384 —0.039 —0.021 —0.093
(3.142) (2.132) (—0.692) (—0.168) (—0.042) (—0.469)
SF 0.875* 0.156 0.177 —0.031 0.492 0.000
(1.774) (0.948) (0.458) (—0.205) (1.170) (0.001)
FS 1.054 0.435 ** 0.965 ** 0.374 ** —0.051 —0.064
(1.476) (2.079) (2.042) (2.085) (—0.117) (—0.377)
IS —1.293 —0.183 1.145 0.154 1.234 0.011
(—0.871) (—0.397) (1.227) (0.397) (1.299) (0.030)
FI 0.074 0.024 0.060 0.025 -0.027 —0.013
(0.990) (0.995) (1.030) (1.053) (—0.503) (—0.602)
M —1.348 ** —0.339 0.164 0.036 0.187 0.161
(—1.997) (—1.453) (0.301) (0.171) (0.352) (0.775)
WA 1.154 *** 0.184 *** 0.120 0.108 * 0.212 0.069
(3.608) (2.796) (0.828) (1.820) (1.504) (1.318)
NEP —-0.171 0.060 0.022 0.023 —0.094 —0.004
(—0.907) (1.016) (0.160) (0.409) (—0.772) (—0.091)
FT 0.460 * 0.125 0.096 0.013 —0.242 —0.116 *
(1.845) (1.639) (0.588) (0.210) (—1.408) (—1.811)
VR —0.309 0.239 ** 0.125 0.300 *** 0.041 0.320 ***
(—1.023) (2.187) (0.522) (2.810) (0.181) (3.219)
EC 1.782 *** 1.109 *** 1.774 *** 1.165 *** 2.339 #** 1.089 ***
(2.684) (4.581) (3.660) (5.536) (4.575) (5.397)
FTS 1.520 * 0.149 0.627 0.290 —0.105 0.048
(1.915) (0.584) (1.176) (1.303) (—0.181) (0.198)
PTS 1.058 *** 0.307 *** 0.968 *** 0.253 ** 1.011 *** 0.301 ***
(2.671) (2.954) (3.499) (2.404) (4.160) (3.488)
LR chi? 69.188 *** 80.257 *** 68.404 *** 78.540 *** 63.871 *** 62.854 ***
McFadden R? 0471 0.225 0.358 0.181 0.317 0.132
Observations 123 123 152 152 166 166

Note: ***, ** and * indicate significance levels of 1%, 5%, and 10%, and z value is in parentheses.

H3 is further supported in the heterogeneity analysis. Ecological awareness (EC) is
significantly positive in all groups and in both models (p < 0.01), making it one of the most
robust core variables. Village rules and regulations (VR) are significantly positive in the Al
models for all three groups (significance levels of 5%, 1%, and 1%, respectively), but are
mostly insignificant in the AD models. This indicates that village rules and regulations
mainly positively affect Al rather than the adoption decision. The overall positive-effect
hypothesis (H3) receives cross-group support.

H4 is partially supported in the heterogeneity analysis. Forestry subsidies (FS) are
significantly positive in the Al models for the Moso Bamboo and Camellia Oleifera groups
(p < 0.05), but are insignificant in the Tea Plant group, suggesting that subsidy policies are
effective for Moso Bamboo and Camellia Oleifera growers but not clearly effective for Tea
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Plant growers. Income share (IS) is not significant in any group, and its positive effect is
not robustly supported in the heterogeneity analysis. Thus, H4 is partially supported.

H5 is supported in the heterogeneity analysis. The group regression results show that
the effects of several variables vary by NTFP type: business experience (BE) is significantly
positive only in the Moso Bamboo group; forestry subsidies (FS) are significant in the Moso
Bamboo and Camellia Oleifera groups but insignificant in the Tea Plant group; forestland
area (WA) is significantly positive in the Moso Bamboo group, marginally significant in the
Camellia Oleifera group, and insignificant in the Tea Plant group; forestry technical training
(FT) has opposite directions between the Moso Bamboo and Tea Plant groups. These results
indicate that NTFP type is an important source of heterogeneity, and operational scale
(forestland area) has a stronger promoting effect for Moso Bamboo growers. Thus, H5
is supported.

The heterogeneity analysis further confirms the robustness of H1 and H3, validates
the expected heterogeneity of H2 and H5, and provides partial support for H4.

4.3. Machine Learning Model Results

For the binary-dependent variable AD (adoption decision) and the multi-class-
dependent variable Al (adoption intensity), we compared several machine learning al-
gorithms. Figure 2a presents the five-fold cross-validation accuracy of different machine
learning algorithms. For the binary classification task, all models exhibited a good predic-
tive performance. Among them, RF achieved the best overall performance, with an average
accuracy of 0.85, an AUC of 0.87, and an F1 score of 0.90. GBDT ranked second, with an
accuracy of 0.85, an AUC of 0.88, and an F1 score of 0.89. Overall, ensemble tree-based
models significantly outperformed traditional linear models (e.g., logistic regression) and
KNN in the binary classification task. For the best-performing RF model, its ROC curve
and confusion matrix are shown in Figure 2b. The AUC of the RF model on the validation
set reached as high as 0.946, demonstrating high predictive accuracy.
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Figure 2. Machine learning model results: (a) comparison of prediction accuracy of different binary
classification models for AD (The red five-pointed star represents the highest accuracy algorithm);
(b) ROC curve and confusion matrix of the optimal model for AD; (c) comparison of prediction
accuracy of different multi-class classification models for Al (d) ROC curve and confusion matrix of
the optimal model for Al
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For the multi-class classification task, the predictive performance of all models was
generally lower than that for the binary classification task, reflecting the greater complexity
of the multi-class problem (Figure 2c). The XGB model performed relatively the best, with
an average accuracy of 0.55, an AUC of 0.78, and an F1 score of 0.54. The ROC curve
of the XGB model shows that the AUC reaches 0.819, while the misclassifications in the
confusion matrix are concentrated in categories 2 and 3 (Figure 2d). Since categories 2 and
3 are adjacent, these misclassifications have a relatively minor impact on the subsequent
interpretability analysis, and the model results remain reasonably reliable.

Based on the comparison of the results from the two tasks, this study selects the
best-performing RF model for the binary classification task and the best-performing XGB
model for the multi-class classification task for subsequent SHAP interpretability analysis.

Based on the variable importance ranking results presented in Table 6, this study com-
pares the importance of each variable in the AD model and the Al model. The importance
value reflects the contribution of a variable to model prediction; the higher the ranking, the
more critical the influence.

In the AD model, the top-five variables in terms of importance are ecological awareness
(EC), age (AG), village rules and regulations (VR), perceived property rights security
(PTS), and forestry income (FI) (Figure 3a). Among them, ecological awareness has an
importance value of 0.195, ranking first. Its regression coefficient is 1.755, significant at
the 1% level, indicating that cognitive factors are the most critical variables affecting the
adoption decision, further supporting H3 (positive effects of village rules and regulations
and ecological awareness). Age ranks second with an importance value of 0.163, with a
negative coefficient significant at the 1% level. Village rules and regulations rank third with
an importance value of 0.116, with a positive coefficient significant at the 10% level, also
validating H3. Perceived property rights security ranks fourth with an importance value
of 0.100, with a positive coefficient significant at the 1% level, providing strong evidence
from the machine learning perspective for H1 (positive effect of perceived property rights
security). Forestry income ranks fifth with an importance value of 0.069, but its coefficient
is not significant, indicating that although this variable contributes to model prediction,
it is not statistically robust. Forestland area (WA) ranks sixth with an importance value
of 0.064, with a positive and significant coefficient. Forestry subsidies (FS) rank seventh
with an importance value of 0.061, with a positive but non-significant coefficient. Income
share (IS) ranks eighth with an importance value of 0.048, with a positive and significant
coefficient. The importance values of the remaining variables are all below 0.04, indicating
relatively small contributions.
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Figure 3. Global analysis results of feature importance: (a) AD; (b) Al
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Table 6. The importance ranking of variables.

Variable AD Al

No. Importance Coefficient No. Importance Coefficient
EC 1 0.195 1(;52526) 3 0.136 0(99%259)
AG 2 0.163 _(8372%6) 2 0.139 _(8%251)
VR 3 0.116 ?1271801) 1 0.238 0(;i%9)
PTS 4 0.100 0(;31674) 4 0.098 0('52%691;;*
FI 5 0.069 (?fﬁé 7 0.056 (8:(5)22)
WA 6 0.064 0(512728) 5 0.058 0(%%3)
FS 7 0.061 (2:2(1)3) 8 0.048 (221?23;
1S 8 0.048 1(55;29) 6 0.056 ?13;013)
NFP 9 0.032 (8:232) 14 0015 (:8:282)
EL 10 0.031 (8:88(5)) 12 0.018 (8:2%’)
HL 11 0.030 (igjéii) 10 0.029 (:02155’4)
FT 12 0.020 (8:%’3) 13 0.017 (8:2;;)
BE 13 0.016 (8:5‘212) 17 0.008 (géig)
CoO 14 0.014 (8:8257’) 15 0.014 (:8:222)
GE 15 0.010 (8:;5;) 16 0.008 (gﬁg?)
M 16 0.009 (8:;28) 11 0.022 (:8:(1)}13)
TP 17 0.008 (8:88i) 19 0.002 (8:%2)
SE 18 0.007 (géﬁ) 9 0.029 (S:Zﬂ)
FTS 19 0.004 (8:3;;1) 21 0.001 (gégg)
PS 20 0.004 (8%2) 20 0.001 (:2:222)
MB 21 0.001 (;):f;;) 18 0.007 (8222)

Note: ***,** and * indicate significance levels of 1%, 5%, and 10%, and z value is in parentheses.

In the AI model, the top-five variables in terms of importance are village rules and
regulations (VR), age (AG), ecological awareness (EC), perceived property rights security
(PTS), and forestland area (WA) (Figure 3b). Among them, village rules and regulations
have an importance value of 0.238, ranking first and far exceeding other variables. Its
regression coefficient is 0.380, significant at the 1% level, indicating that village rules and
regulations contribute the most to predicting Al, again validating H3. Age ranks second
with an importance value of 0.139, with a negative and significant coefficient. Ecological
awareness ranks third with an importance value of 0.136, with a positive and significant
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coefficient, further supporting H3. Perceived property rights security ranks fourth with
an importance value of 0.098, with a positive and significant coefficient, reinforcing the
robustness of H1. Forestland area ranks fifth with an importance value of 0.058, with a
positive and significant coefficient. Income share ranks sixth with an importance value of
0.056, with a positive coefficient significant at the 10% level, providing partial support for
H4. Forestry income ranks seventh with an importance value of 0.056, but its coefficient is
not significant. Forestry subsidies rank eighth with an importance value of 0.048, with a
positive and significant coefficient, also partially supporting H4. Soil fertility (SF) ranks
ninth with an importance value of 0.029, but its coefficient is not significant. Household
labor force (HL) ranks tenth with an importance value of 0.029, with a negative and
significant coefficient.

Comparing the two models, it can be seen that ecological awareness, age, village rules
and regulations, and perceived property rights security are all ranked among the top four or
five in both models, with highly consistent importance rankings. Moreover, the directions
of their regression coefficients are the same and their significance is stable, indicating that
these four variables are the core factors influencing forest farmers’ GPB. This fully validates
the robustness of H1 and H3 under the machine learning framework. Forestry income
ranks high in both models but its coefficient is not significant, suggesting that although this
variable contributes to model prediction, its explanatory power is limited. Forestland area
and income share show some importance in both models and have significant coefficients,
partially supporting H4. In addition, household labor force ranks tenth in the AI model
with a significant coefficient, while it ranks eleventh in the AD model with a non-significant
coefficient, indicating that its effect on Al is stronger than its effect on the adoption decision.
The variable importance rankings are generally consistent with the significance levels of
the regression coefficients, verifying the reliability of the model results.

4.4. Heterogeneity Analysis via Machine Learning

Based on the machine learning heterogeneity analysis results presented in Table 7,
farmers were grouped by three NTFP types: Moso Bamboo, Camellia Oleifera, and Tea
Plant. The importance rankings show clear differences in the key variables associated with
AD and Al across crop groups, providing machine learning evidence for the heterogeneity
proposed in H2 and H5.

In the Moso Bamboo group, the most important variables in the AD model are forest-
land area (WA), perceived property rights security (PTS), and age (AG) (Figure 4a), while
age (AG), ecological awareness (EC), forestland area (WA), and PTS rank highest in the
Al model (Figure 4b). This indicates that operational scale and perceived tenure security
are more closely related to green production behavior among Moso Bamboo growers. In
contrast, for Camellia Oleifera growers, village rules and regulations (VR) and EC are the
dominant variables in the AD and Al models, respectively (Figure 4c,d), suggesting that
informal institutions and ecological awareness play a more central role in this group. For
Tea Plant growers, VR ranks first in the AD model, while AG, EC, WA, and VR are highly
important in the AI model (Figure 4e,f). Notably, forestry technical training (FT) ranks
among the top-five variables only in the Tea Plant AD model, indicating that the relevance
of training varies across NTFP types.
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Table 7. Importance (Imp.) ranking of in heterogeneity analysis.
MB cO TP
Variables AD Al AD Al AD Al

No. Imp. No. Imp. No. Imp. No. Imp. No. Imp. No. Imp.
WA 0.214 0.147 7 0.067 4 0.086 6 0.061 3 0.104
PTS 0.18 0.108 6 0.07 6 0.053 9 0.039 9 0.045
AG 0.131 0.174 3 0.103 2 0.166 2 0.179 1 0.194
EC 0.112 0.171 2 0.154 1 0.266 3 0.117 2 0.175
PS 0.087 0.059 14 0.021 17 0 12 0.013 17 0
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Figure 4. Heterogeneity analysis results of feature importance: (a) AD of MB; (b) Al of MB; (c) AD of
CO; (d) Al of CO; (e) AD of TP; (f) Al of TP.
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The SHAP distributions further reveal nonlinear patterns in several key variables.
For VR, low penalty severity generally corresponds to negative or near-zero SHAP values,
indicating a limited contribution to GPB. When VR reaches a moderate level, its SHAP
values become clearly positive, especially in the Camellia Oleifera and Tea Plant groups,
suggesting that moderate village-rule penalties may represent an effective threshold for
improving adoption behavior. However, the SHAP values do not show a continuous
increase at the highest penalty levels, implying that overly strict rules may not generate
additional benefits. Similarly, EC shows consistently positive SHAP contributions when
farmers recognize the ecological value of green production, confirming its stable role across
NTEFP types. PTS also shows positive SHAP contributions in several groups, particularly
for Moso Bamboo, but its strength varies across crops, indicating that perceived tenure
security is important but not uniform across NTFP production contexts.

Comparing the three groups, AG and EC are consistently ranked among the most
important variables, indicating their stable relevance across NTFP types. VR is highly
important in the Camellia Oleifera and Tea Plant groups but weak in the Moso Bamboo
group, while WA is most important for Moso Bamboo growers. These differences confirm
that the factors associated with GPB are crop-specific. Overall, the machine learning results
cross-validate the regression findings in Table 5 and further support the heterogeneity
hypotheses H2 and H5. To make the hypothesis testing results clearer, Table 8 summarizes
the final empirical conclusions for all five hypotheses.

Table 8. Summary of research hypotheses and empirical conclusions.

No. Hypothesis Content Empirical Conclusion
H1 A higher level of perceived property rights security is positively associated with GPB  Supported

H2  The effect of the frequency of forestry technical training is heterogeneous Supported

H3 Village rules and ecological awareness have positive associations Supported

H4 The number of forestry subsidies and the income share have positive associations Partially supported
H5 NTFP type and operational scale have heterogeneous effects Supported

5. Conclusions and Recommendations
5.1. Conclusions

Based on survey data from 579 farmer households in Zhejiang Province, this study
employs binary logit, ordered probit, and machine learning models to examine the factors
influencing forest farmers” adoption of green production technologies, with a focus on
NTFP-type heterogeneity (Moso Bamboo, Camellia Oleifera, and Tea Plant). In line with
this study’s objective, the results identify the key drivers of GPB and explain how their
effects vary across major NTFP types. The main conclusions are as follows:

(1) Perceived property rights security is robustly and positively associated with GPB, re-
maining consistently significant across all NTFP types. This highlights the importance
of subjective tenure security for long-term green investment and confirms H1.

(2) Village rules and regulations (moderate penalties) and ecological awareness jointly
play a central positive role, emerging as the two most influential pillars in both
econometric and machine learning analyses. However, the effect of village rules
is weaker for Moso Bamboo growers. These results support H3 and indicate that
informal institutional constraints and ecological value recognition are key internal
drivers of GPB.

(38) Technical training effects are crop-specific. It positively influences adoption decisions
for Moso Bamboo but negatively affects Tea Plant, demonstrating that one-size-fits-all
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training is counterproductive. This supports H2 and suggests that training programs
should be tailored to crop-specific technical requirements.

Economic incentives are partially effective and crop-dependent. Forestry subsidies
promote adoption for Moso Bamboo and Camellia Oleifera growers but not for Tea
Plant growers. Forestry income share is only marginally significant in the full sample.
Forestland area strongly promotes green production only for Moso Bamboo growers,
underscoring scale and NTFP type as key sources of heterogeneity. These findings
partially support H4 and H5, showing that incentives and operational characteristics
affect GPB differently across NTFP types.

Cross-validation between machine learning and econometric models (RF, AUC = 0.946
for adoption decision; XGB, AUC = 0.819 for adoption intensity) confirms the robust-
ness and reliability of the core findings. Overall, effective NTFP green production
governance should shift from uniform policy instruments toward differentiated strate-
gies combining property rights security, village-level regulation, ecological awareness,
crop-specific training, and targeted subsidies.

5.2. Policy Implications

)

@)

®)

@)

©)

Based on the above conclusions, the following policy recommendations are proposed:

Strengthen perceived property rights security through routine publicity of tenure con-
firmation, transparent dispute resolution, and stable future adjustment expectations.
This is essential because perceived property rights security is positively associated
with GPB across all NTFP types. For Moso Bamboo growers, enhance rights protection
experience via cooperative or village collective management.

Implement crop-differentiated training programs. Abandon one-size-fits-all ap-
proaches: for Moso Bamboo, focus on short-term green tending techniques; for
Camellia Oleifera, emphasize long-term returns and cost sharing; for Tea Plant, avoid
excessive technical intervention, strengthen ecological planting concepts and quality
premium recognition, and suspend or re-evaluate existing training that has shown
negative effects. This responds to the heterogeneous effects of training across crops.
Refine penalty gradients in village rules to leverage informal institutions. Maintain
moderate penalty severity as the most effective. Establish tiered penalty standards
based on local conditions, integrate ecological awareness education into rule dissemi-
nation, and use role models to enhance farmers’ identification with green production.
This can strengthen the combined role of village rules and ecological awareness in
promoting GPB.

Design precise forestry subsidies. Continue supporting Moso Bamboo and Camellia
Oleifera growers; for Tea Plant growers, explore combining subsidies with technical
certification for green production. Link subsidies to training participation and rule
compliance to create a synergistic mechanism. Since subsidies are crop-dependent,
incentive policies should shift from broad compensation to targeted support.
Address operational-scale heterogeneity. Provide additional rewards or low-interest
loans for large-scale Moso Bamboo growers. For fragmented land, reduce coordination
costs via land exchange or trusteeship. Encourage Camellia Oleifera and Tea Plant
growers to achieve scale effects through cooperatives to improve green technology
adoption efficiency. These measures reflect the different roles of operational scale
across NTFP types and support more differentiated green production governance.
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