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Abstract: Farmers’ adoption of low-carbon agriculture is conductive to addressing climate change and
achieving sustainable development of agriculture. The purpose of this study is to explore farmers’
decision-making processes regarding low-carbon production and to provide a reference for the targeted
support policies of low-carbon agriculture. The data was derived from a household survey of 442 rice
farmers conducted in Jiangsu Province, China in 2017. Participants were interviewed face-to-face using
questionnaires, and local interviewers were used in order to maximize the reliability of the results.
The theoretical basis for our analysis was an extended theory of planned behavior (TPB). We applied
a structural equation model (SEM) to investigate the correlations among farmers’ decision-making
processes regarding low-carbon production and observable characteristics. Furthermore, we explored
the differences in adoption decisions regarding low-carbon agriculture among different groups of
farmers based on production scale and region, respectively. The results indicate that attitude, subjective
norm, perceived behavioral control, and contract farming participation are significantly positively
correlated with farmers’ intention toward low-carbon production, and that farmers’ low-carbon
production intention and contract farming participation have significant positive correlations with
their behavior regarding low-carbon production. A subsample analysis shows that the subjective norm
for farmers with a small production scale is more strongly correlated with their adoption decisions
regarding low-carbon agriculture than that it is for farmers with a large production scale. Additionally,
in less developed regions, farmers’ attitude is more strongly correlated with their adoption decisions
regarding low-carbon agriculture than it is for farmers in developed regions.

Keywords: sustainability; low-carbon production; farmers’ adoption decisions; contract participation;
theory of planned behavior; structural equation model

1. Introduction

Climate change is one of the most severe global environmental issues [1–3]. The coupling relationship
between agricultural production and climate change has become distinct. On the one hand, global
warming is increasing the fluctuation of crop yields and uncertainty about agricultural production [4–6].
In substantial areas of global breadbaskets, more than 60% of the yield variability can be explained by
climate change, and climate change accounts for about a third of the observed yield variability globally [4].
For example, Parry et al. [5] analyzed the global consequences of linked socioeconomic and climate
scenarios to crop yields, production, and risk of hunger, and found that the yields had decreased both
regionally and globally with the dramatic increase in global temperatures. Moreover, Olesen et al. [6]
observed an alarmingly high proportion of negative expectations about the impact of climate change
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on crops and crop production across Europe. If no measure is taken, climate change will decrease the
yield of the main crops of China by as much as 37% in the late 21st century [7]. On the other hand,
agricultural production has become a major source of greenhouse gas (GHG) emissions globally [8–10].
A report published by the Intergovernmental Panel on Climate Change (IPCC) for 2014 [3] indicated
that GHG emissions from agriculture, forestry, and other land use accounted for 24% of total global
GHG emissions, and that the main sources of GHG emissions included agricultural production, land
management, livestock emissions, and so forth. Moreover, Bennetzen et al. [9] pointed out that the
growth of global agricultural production was mainly delivered by developing and transitional countries,
and this was also reflected in the increase in GHG emissions. They found approximately a quarter of
GHG emissions were generated by human activities. Notably, agriculture can mitigate a substantial
volume of GHG through changes in land use and crop management [11], and these measures are closely
related to low-carbon agriculture. Low-carbon agriculture is the embodiment of the low-carbon economy
in agriculture, and may help agriculture to manage climate change, cut GHG emissions, and realize
sustainable development.

The principle of “common but differentiated responsibilities” has become a basic consensus,
and China, as one of the countries with the highest carbon dioxide (CO2) emissions, is experiencing
tremendous pressure to reduce carbon emissions. In China, the farmer household is the basic unit and
main body of agricultural production, and the coupling relationship between the mode of agricultural
production and climate change is embodied by hundreds of millions of farmer households. The farmer
households’ decision-making in low-carbon production has a direct influence on the reduction of
carbon emissions the sustainable development of agriculture. Approaches to realize low-carbon
production for farmers specifically include, firstly, changing the traditional intensive farming practices.
The traditional intensive farming practices are characterized by high tillage intensity and frequency
and involve large input of various kinds of chemical products such as fertilizers, pesticides, and plastic
films. This pattern can lead to a significant decrease in soil organic carbon content and an increase
in GHG emissions [12]. The increase of soil organic carbon content can be achieved by changing
traditional tillage methods [13]. Compared with intensive farming, the promotion of “protective
cultivation” modes such as no-tillage, retention of crop residues, and crop rotation can increase
the organic carbon content in soil and reduce CO2 emissions [14]. The second approach to realize
low-carbon production for farmers is changing the mode of cropland use. Smith et al. [15] measured
the carbon-sink capabilities of cropland under different modes of use, and observed that forestry and
permanent grassland were an important carbon sink and that the conversion of cropland to forest was
vital for the mitigation of atmospheric GHG. In contrast, deforestation and reclamation will increase a
large amount of CO2 emissions. Converting grasslands, rainforests, and peatlands to food-crop-based
biofuels releases 17 to 420 times more CO2 than the GHG reduction caused by these biofuels replacing
fossil fuels [16]. The third approach is using new low-carbon techniques. Global warming and the
need to reduce dependence on fossil fuels are forcing society to seek alternative sources for renewable
energy production. Anaerobic digestion, biofuels, and renewable fertilizer can play an important role
in energy scenarios, particularly in rural environments [17]. Thereinto, anaerobic digestion is one of the
most valuable technologies for the management of fermentable organic wastes. This energy process
can provide high-value products (e.g., fuel, biogas, and fertilizers) and lead to a significant reduction
of GHG emissions [18]. For example, the implementation of the “Biogas Construction Program” by the
Chinese government, and the promotion of the cyclic utilization of agricultural residues (e.g., manures
and crop residues) can directly reduce CO2 emissions by more than 63 million tons each year [19].
Grass biomethane is a sustainable gaseous transport biofuel with a good energy balance and significant
economic viability [20]. Moreover, reducing the use of chemical fertilizers and restoring the use of
traditional manure fertilizers, in combination with protective cultivation practices, can increase the rate
of carbon sequestration in soils as well as dramatically reduce emissions of methane (CH4) and nitrous
oxide (N2O) [21]. Additionally, the adoption of climate-smart agriculture systems, which include
water saving techniques, can significantly reduce emissions of CH4 while improving plant carbon
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sequestration; for example, alternate wetting and drying irrigation can increase the gas permeability of
soils and hence change the conditions for producing and emitting GHGs [22].

Although farmers’ adoption of low-carbon agriculture is conducive to addressing climate change,
the rate of adoption in developing countries is very low. Notably, in China, the national government
has set the target of carbon intensity reduction, however most local governments do not have sufficient
knowledge about the necessary actions to achieve the targets and do not know how to design and
implement a targeted low-carbon development plan [23]. Farmers’ decision-making processes regarding
low-carbon production are very complicated and may change at each stage as environment factors
change. Under the realistic background for China of a large population with limited cropland area,
an increasing demand for agricultural produce, and a tremendous pressure for energy saving and
emission reduction, it is necessary to investigate the factors influencing farmers’ adoption of low-carbon
agriculture and reveal the basic characteristics and inherent law of farmers’ decision-making processes.
The aim of this study is to provide a reference for the targeted support policies of low-carbon agriculture.

The existing literature regarding farmers’ decisions regarding the adoption of low-carbon
agriculture has mainly focused on the willingness to adopt, rather than on actual adoption behavior,
and the main influencing factors are perceptions and household characteristics [24–27]. Moreover,
most theoretical models have generally implied a hypothesis that the external environment of farmers
is consistent and stable, lacking control over the influence of the external environment on farmers’
decision making (e.g., industrial chain organization). Additionally, many scholars view the object
of research as a whole and do not consider the difference among farmer groups with different
particular characteristics. Hence, it is more scientific and effective to expand the literature on farmers’
adoption of low-carbon agriculture by considering the influence of external environment and different
characteristics of farmer groups.

In this paper, we make a theoretical analysis and empirical test of farmers’ decision-making
in low-carbon production using rice farmers in Jiangsu Province, China as samples. Through the
conceptual extension of a theoretical model known in literature as theory of planned behavior
(TPB), we construct a model for farmers’ decision-making in the adoption of low-carbon agriculture.
This model allows us to incorporate psychological factors and external factors into the same analysis
framework. We apply structural equation modeling (SEM) to investigate the correlations among
farmers’ decision-making processes regarding low-carbon production and observable characteristics.
Notably, we further explore the behavioral differences of farmers’ decision-making through a
multigroup analysis, using farmers’ production scale and region as moderator variables, respectively.
This study aims to investigate farmers’ adoption of low-carbon agriculture and reveal the basic
characteristics and inherent law of farmers’ decision-making processes. From the perspective of
practice, the findings of this study could help the government to formulate effective policies to
foster the involvement of smallholder farmers in low-carbon agriculture. The rest of this paper
is organized as follows: Section 2 describes the data collection, questionnaire design, conceptual
framework, and model specification; Section 3 discusses the empirical results; and Section 4 presents
the conclusions, implications, and directions for future research.

2. Materials and Methods

2.1. Data Collection

The data used in this study was derived from a household survey on rice farmers conducted in
Jiangsu Province, China in 2017. Paddy fields are regarded as a major global anthropogenic source of
GHG, and China has the second largest area of rice cultivation in the world [28]. Jiangsu Province is
the representative region of economic and social development in China. Along with rapid economic
development, Jiangsu Province is facing increasingly severe agro-ecological environmental problems
and great pressure to save energy and reduce emissions. A great amount of GHGs are emitted from
the consumption of fossil fuels by the manufacture of agricultural materials, and a larger amount of
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emissions and ecological pollution result from their improper application, accounting for a considerable
proportion of carbon emissions from agriculture [29]. Thus, the conversion of agricultural practices in
Jiangsu Province is urgent and can set an example for other areas. Jiangsu Province is also the province
with the biggest gap in regional economic development in China. There is a sharp contrast between
southern Jiangsu (developed region) and northern Jiangsu (less developed region). This situation
provides a diverse environment to research the differences in adoption decisions relating to low-carbon
agriculture among different groups of farmers.

In this survey, we selected four counties in Jiangsu Province: Fengxian (N34◦41′ E116◦35′), Pizhou
(N34◦20′ E118◦0′), Taicang (N31◦27′ E121◦08′), and Wujiang (N31◦09′ E120◦38′). The first two counties
are located in the north of Jiangsu Province and the other two in the south of Jiangsu Province.
In each county that was selected, we randomly picked two towns; in every town, we randomly
picked two villages; and in each village, we used a stratified random sampling method to interview
30 rice-producing households. Considering that one of the core variables in this paper is contract
farming participation, and that using the random sampling method it is difficult to ensure that a
certain number of contracted farmers are included in the sample households, this survey took a certain
ratio to randomly select contracted farmers and non-contracted farmers, respectively. Specifically,
according to the list of rice farmers participating in contract farming provided by agribusiness firms
or cooperatives and the list of rice farmers provided by local village committees, we used a 1:4 ratio
to randomly select contracted farmers and non-contracted farmers, respectively. That is, of the 30
rice-producing households that were selected in each village, six households participated in contract
farming. Participants were interviewed face-to-face using questionnaires, and local interviewers were
used in order to maximize the reliability of the results.

Approximately 92% of the surveyed farmers completed the questionnaire; thus, this study’s
sample comprised 442 usable observations. Notably, the sample size and response rate were sufficient
for conducting statistical analysis.

2.2. Questionnaire Design

The questionnaire was designed to study farmers’ decision-making processes with respect
to low-carbon production. The questionnaire was based on a literature review, related theories,
peer review and revision, in combination with results of presurvey. Closed-ended questions were
used in the questionnaire to ensure that it had a good content validity. The core part of questionnaire
covered the main topic for this study and involved measurement items designed to access the different
constructs of the extended TPB model towards low-carbon agriculture adoption decisions. These
measurement items involved 22 measurable variables related to six latent variables. The latent variables
were attitude (ATT), subjective norm (SN), perceived behavioral control (PBC), contract farming participation
(CF), intention of low-carbon production (INT), and behavior of low-carbon production (BEH). The definition
and description of measurable variables are shown in Table 1. The measurement items for the variables
ATT, SN, PBC, and INT were measured on a five-point Likert scale, from 1 = strongly disagree to 5 =
strongly agree (Partial measurement items for variable PBC, including education level of household
head (PBC1), Family annual income (PBC2), and Village leader (PBC3), were not measured by the
Likert scale. PBC1 and PBC2 were measured by continuous numerical value, and PB3 was measured
by a discrete value of 1 or 0). The measurement items for the variables BEH and CF were indicated by
a discrete value of 1 or 0. Notably, given the practical situation of low-carbon agricultural extension
in rural areas of China, the behavior of low-carbon production in this study included adoption of
straw-biogas production, soil testing for formulated fertilizer, and water saving irrigation.
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Table 1. Description and summary statistics of measurable variables.

Latent Variable Code Measurement Item Median Interquartile
Range

Attitude (ATT)

ATT1 Understanding the role of low-carbon
agriculture in environment 2 3

ATT2 Understanding the role of low-carbon
agriculture in income 1 2

ATT3 Understanding the role of low-carbon
agriculture in health 2 3

ATT4 Knowledge about the content of low-carbon
agriculture 2 3

Subjective norm
(SN)

SN1
The positive impact of government

propaganda on farmers’ decision-making of
low-carbon production

2 3

SN2
The positive impact of model household’s

recommendation on farmers’ decision-making
of low-carbon production

2 3

SN3
The positive impact of agricultural technician’s
recommendation on farmers’ decision-making

of low-carbon production
2 3

SN4
The positive impact of low-carbon production
behavior of relatives and friends on farmers’
decision-making of low-carbon production

3 2

Perceived
behavioral

control (PBC)

PBC1 Education level of household head (years) 8 1

PBC2 Family annual income (10,000 yuan) 7 5

PBC3 Village leader (1 = yes; 0 = no) 0 0

PBC4 Well-grounded infrastructure 2 3

PBC5 Effective guidance for agricultural training 2 3

PBC6 Experience about the price of high-value
agricultural products 2 3

Contract farming
participation (CF)

CF1 Participation in the “firm + smallholder”
contract model (1 = yes; 0 = no) 0 0

CF2 Participation in the “firm + intermediary +
smallholder” contract model (1 = yes; 0 = no) 0 0

Intent of
low-carbon

production (INT)

INT2 Willingness to adopt low-carbon production 2 3

INT1 Willingness to receive information about
low-carbon agriculture 2 3

INT3 Willingness to learn low-carbon technologies 2 3

Behavior of
low-carbon

production (BEH)

BEH1 Adoption of water saving irrigation 0 0

BEH2 Adoption of straw-biogas production 0 0

BEH3 Adoption of soil testing for formulated
fertilizer 0 0

The questionnaire also included socio-demographic and farm characteristics. Table 2 presents
the demographic information of the study participants. In our sample, farmers aged 50 and above
accounted for 54% of survey respondents. The education levels of respondents were relatively low,
with an average of 83% of respondents having been educated to primary middle school level or below.
A total of 60% of respondents had been engaged in agricultural production for more than 20 years.
As for household characteristics, 54% of respondents had an average household size of four or less
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and 64% of respondents had an average annual household income of 80,000 Yuan or less. The average
cropland area of respondents was 4 mu (1 hectare = 15 mu), and respondents whose cropland area was
4 mu or below accounted for 55% of respondents.

Table 2. Demographic characteristics of respondents.

Characteristics Distribution Frequency Percentage

Age

under 30 years old 41 9.28%
30–49 years old 162 36.65%
50–69 years old 228 51.58%

70 years old and above 11 2.49%

Education

None 12 2.71%
elementary school (1–6 years) 92 20.81%

middle school (7–9 years) 261 59.05%
high school (10–12 years) 68 15.38%

other (>12 years) 9 2.04%

Years of rice planting

10 years or under 56 12.67%
11–20 years 119 26.92%
21–30 years 102 23.08%

above 30 years 165 37.33%

Household size

2 or under 66 14.93%
3–4 173 39.14%
5–6 161 36.43%

Above 6 42 9.50%

Household annual
income (including
off-farm income)

20,000 Yuan or under 18 4.07%
20,001–50,000 Yuan 132 29.86%
50,001–80,000 Yuan 131 29.64%
80,001–100,000 Yuan 81 18.33%
above 100,000 Yuan 80 18.10%

Cropland area 4 mu or under 243 54.98%
above 4 mu 199 45.02%

Region southern Jiangsu 214 48.42%
northern Jiangsu 228 51.58%

Note: 1 hectare = 15 mu.

Notably, the survey results indicate that 33% of respondents (147 farmers) had never heard about
low-carbon agriculture, 12% of respondents (53 farmers) had a very good understanding of low-carbon
agriculture, and 55% of respondents (242 farmers) knew something about low-carbon agriculture (see
Figure 1). Therefore, in general, the surveyed farmers lacked knowledge of low-carbon agriculture.
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2.3. Conceptual Framework

The theory of planned behavior is a classical theory in social psychology for interpreting and
predicting human behavior and is developed on the basis of theory of reasoned action (TRA) and
multiattribute attitude theory. According to multiattribute attitude theory, attitude determines
intention and is determined by the expectation and evaluation of an individual [30]. The TRA,
which is proposed by Fishbein and Ajzen [31], suggests that behavioral intention determines actual
behavior and is influenced by attitude and subjective norm together. As TRA has a limited explanatory
power for behavior which is not under the complete control of an individual’s will, Ajzen [32] extended
TRA by adding the element of perceived behavioral control, and formally proposed TPB. According
to TPB, an individual’s intention determines his or her behavior and depends on his or her attitude,
subjective norm, and perceived behavioral control. In this study, farmers’ decisions on the adoption
of low-carbon agriculture is a planned behavior decision-making, and thus follows TPB. Moreover,
TPB is a developmental model, which can be made more rigorous by introducing variables that have
a significant influence on intention or behavior. The research reveals that farmers’ participation in
contract farming (e.g., contracting with an agribusiness firm or farmer cooperative) plays an important
role in their production intention as well as production behavior. Therefore, this paper introduces
contract farming participation into the TPB model and, based on the literature, proposes the following
factors influencing farmers’ adoption of low-carbon agriculture and related hypothesis:

(1) Attitude. Attitude is an individual’s favorable or unfavorable evaluation toward the
performance of a specific behavior. A farmer’s attitude toward low-carbon agriculture reflects his or
her perception of and propensity for low-carbon production. The deeper perception and more positive
evaluation of low-carbon agriculture a farmer has, the more likely he or she will be to be engaged
in low-carbon agriculture. On the contrary, a farmer is subjectively not willing to take low-carbon
production actions if he or she does not accept the idea of low-carbon agriculture and has a negative
evaluation of the low-carbon technology. Mi [25] studied the development of low-carbon agriculture
and observed that rice farmers’ perception had a significant positive influence on their adoption of
emission reduction techniques, as every additional unit of perception was associated with a 25.5%
increase in the likelihood of adopting low-carbon techniques. Abdollahzadeh et al. [27] studied citrus
farmers’ attitude towards biological control in Iran and found that farmers who believed in the efficacy
of biological control as a pest management method tended to have a positive attitude towards biological
control, and thus tended to adopt biological control. Liu et al. [33] studied the development status of
low-carbon agriculture in China and found that the levels of farmers’ perceptions towards low-carbon
production were generally low, and that this consequently could lead to increasing use of chemical
fertilizers and pesticides. Montefrio [34] explored the willingness of Filipino smallholder farmers to
participate in intensive production of biofuel crops and oil palm with state and private organizations.
They observed that environmental attitude was primary determinant of farmers’ participation in
low-carbon agro-industrial production contracts. Tereza et al. [35] also pointed out that farmers’
risk perception significantly influenced the adoption of sustainable practices by smallholders in the
Republic of Moldova. We therefore hypothesize:

Hypothesis 1 (H1). Farmers’ attitude towards low-carbon agriculture has a positive effect on their intention to
adopt low-carbon production.

(2) Subjective norm. Subjective norm is an individual’s perception of external social pressure
in making decisions about a specific behavior. It reflects the influence of important persons,
organizations, or systems on an individual’s decision. Specifically, a farmer’s subjective norm of
low-carbon agriculture is the drive or pressure that he or she perceives when engaging in low-carbon
production, e.g., constraints or incentives from regulatory systems, encouragement or opposition from
family members, recognition or discrimination by neighbors, and support or resistance from related
agricultural organizations. In his study on farmers in Shandong Province, China, Zhu [24] found that
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government propaganda regarding crop straw burning prohibition, straw incorporation subsidies, and
governmental effort to investigate and punish violation of straw burning prohibition had a significant
influence on farmers’ straw treatment methods. Bossange et al. [36] studied characteristics of farmers
adopting conservation tillage and observed that researchers’ recommendations for conservation
tillage could contribute to farmers’ adoption of conservation tillage practices. Ng et al. [37] studied
the production management behavior of farmers in Illinois, USA, and found that those farmers
who communicated frequently with other farmers were more willing to engage in new agricultural
practices. Kragt et al. [38] conducted a survey of broad-acre farmers in the Western Australian wheat
belt, and found that landholder buy-in to carbon farming could be greatly enhanced by achieving
more continuity in Australian climate change policies and politics. We therefore hypothesize:

Hypothesis 2 (H2). Farmers’ subjective norm has a positive effect on their intention to adopt low-carbon production.

(3) Perceived behavioral control. Perceived behavioral control is associated with the difficulty
and controllability perceived by an individual in performing a specific behavior. It reflects that an
individual’s personal control over their behavior will be subject to realistic constraints of non-voluntary
factors such as time, resources, and environment. Specifically, perceived behavior control of a farmer’
low-carbon production is his or her consideration of factors that facilitate or impede low-carbon
production behavior, including family endowment resources, social resources, and past production
experiences. Hou and Ying [26] made a comparison between farmers in Jiangsu Province and those in
Henan Province, China, and observed that elderly farmers who were engaged in plantation primarily
would depend on personal observation and experience to manage their farms; they also found that
farmers with higher total household incomes were more likely to change their traditional production
practices. Boz [39] surveyed farmers in the Eregli Reed Bed area of Turkey, and found that high income,
better financial support, and better communication network were effective factors in enrollment in
voluntary environmental programs. Zhang et al. [40] held that experiences had a direct impact on a
farmers’ adoption of new agricultural information, and that a farmer would have a positive attitude
toward low-carbon agriculture if he or she found an obvious price advantage of low-carbon produce
based on his or her past experience. Wang and Zhang [41] pointed out that farmers had no way to
obtain comprehensive market information by themselves, and that consequently they had to depend
on observation and experience to make decisions and their production was generally based on delayed
market information. We therefore hypothesize:

Hypothesis 3 (H3). Farmers’ perceived behavioral control has a positive effect on their intention to adopt
low-carbon production.

(4) Contract farming participation. Contract farming is the dominant form of vertical coordination
contributing to the transition to modern agriculture [42]. In China, “firm + smallholder” contracts
and “firm + intermediary + smallholder” contracts are two organizational models that are used by
agribusiness firms involved in contract farming [43]. The former is a centralized model in which an
agribusiness firm directly contracts a large number of smallholders. The latter refers to an agribusiness
firm contracting smallholders through an intermediary such as a farmer cooperative and middleman.
Agribusiness firms engaged in contract farming often provide farmers with services such as inputs,
loans, and mortgage services to help farmers reduce credit constraints, and thus promote investment
and the adoption of new technology [44,45]. Moreover, farmers who participate in contract farming
have more opportunities to receive training on low-carbon production and receive more information
about low-carbon agricultural policies. Zhao et al. [46] studied Chinese farmers’ adoption of integrated
pest management techniques, and found that farmers who had participated in contract farming were
more willing to adopt physical, chemical, and biological preventive integrated pest management
techniques. We therefore hypothesize:
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Hypothesis 4 (H4). Contract farming participation has a positive effect on farmers’ intention to adopt
low-carbon production and farmers’ behavior in low-carbon production.

(5) Intention of low-carbon production. Ajzen [32] pointed out that there was a high positive
correlation between individuals’ behavioral intention and their behavior. Behavioral intention usually
reflects the extent to which an individual is willing to make effort when he or she makes a behavioral
decision. The stronger behavioral intention an individual has, the more likely he or she will be to take
actual actions. We therefore hypothesize:

Hypothesis 5 (H5). Farmers’ intention to adopt low-carbon production has a positive effect on their low-carbon
production behavior.

Based on the above analysis, we built a hypothetical model, as shown in Figure 2, to study farmers’
low-carbon production behavior and the main impact factors.Sustainability 2019, 11, x FOR PEER REVIEW 9 of 20 
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2.4. Model Specification

This paper employed a structural equation model (SEM) to investigate the inherent relationship
between farmers’ adoption of low-carbon agriculture and the influencing factors. SEM is an analytical
tool for the observation and treatment of the latent variables that are hard to observe directly. It can also
take the measurement error into consideration. SEM is usually represented by three matrix equations:

η = Bη + Γξ + ζ (1)

y = Λyη + ε (2)

x = Λxξ + δ (3)

where η is internal latent variable, ξ is external latent variable, x is the measurable variable of external
latent variable, and y is the measurable variable of internal latent variable. Latent variables can be
reflected by the measurable variables through measurement model. Equation (1) is a structural model
and Equations (2) and (3) are measurement models.

3. Results

3.1. Reliability Test and Exploratory Factor Analysis (EFA)

To test the stability and reliability of the questionnaire, we used Cronbach’s alpha as an indicator
to test the reliability of samples using the software of SPSS 25.0 (IBM, Armonk, NY, USA) (see Table 3).
Generally, a Cronbach’s alpha coefficient higher than 0.7 denotes high reliability, whereas a coefficient
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lower than 0.35 denotes low reliability [47]. As shown in Table 3, we observed that the overall
Cronbach’s alpha coefficient is 0.952, indicating that the questionnaire has a good internal consistency.
The questionnaire includes 22 measurable variables with an attempt to cover all information about the
latent variables. The use of too many variables might increase the complexity of analysis and difficulty of
model fitting. Therefore, the exploratory factor analysis (EFA) method was used to extract measurable
indicators. We conducted Kaiser–Meyer–Olkin (KMO) and Barlett’s tests before EFA (see Table 3).
The results show that KMO values are all greater than 0.7, and that Barlett’s tests reject the null hypothesis
at the 1% level, indicating that our data has common factors and thus is suitable for factor analysis.

Table 3. Reliability and validity tests of variables.

Latent Variable Cronbach’s α KMO Barlett’s Test

ATT 0.814 0.751 1226.08 (p-value = 0.000)
SN 0.774 0.745 849.30 (p-value = 0.000)

PBC 0.769 0.796 1202.97 (p-value = 0.000)
CF 0.902 0.700 493.66 (p-value = 0.000)

INT 0924 0.722 1081.37 (p-value = 0.000)
BEH 0.927 0.779 1429.38 (p-value = 0.000)

Overall 0.952 0.954 9703.52 (p-value = 0.000)

We performed EFA on measurable variables underlying the six latent variables in the hypothetical
models. Due to the existence of correlation between variables, oblimin rotation was employed to
determine the number of each factor. The extraction criterion is that the factor loading of each
measurement item is above 0.5. Moreover, the common factor that the number of measurement items
is less than 2 should be deleted. Finally, in our study, there are 18 measurable variables and only
one effective factor under each latent variable after screening. Table 4 presents the results of tests for
reliability and validity of measurable variables remaining under each latent variable. As shown in
Table 4, both factor loading and variance contribution rate exceed 0.5. Furthermore, reliability test of
each latent variable shows that all Cronbach’s alpha coefficients exceed 0.7, suggesting that items on
the questionnaire have a good reliability and validity. These results imply that the dimension structure
of the hypothetical models is reasonable and the corresponding indicator variables are also confirmed.

Table 4. Variable reliability and factor analysis after modification.

Latent Variable Code Cronbach’s α Factor Loading Variance Contribution Rate

ATT
ATT1

0.929
0.913

87.55%ATT3 0.971
ATT4 0.923

SN
SN1

0.903
0.897

83.68%SN2 0.918
SN3 0.929

PBC

PBC1

0.843

0.744

75.16%
PBC4 0.909
PBC5 0.883
PBC6 0.920

CF
CF1

0.928
0.966

93.33%CF2 0.966

INT
INT1

0.924
0.907

86.83%INT2 0.929
INT3 0.959

BEH
BEH1

0.927
0.943

87.29%BEH2 0.937
BEH3 0.922
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3.2. Confirmatory Factor Analysis (CFA) and Evaluation of Fit

We conducted confirmatory factor analysis (CFA) using the software of Amos (IBM, Armonk,
USA, 25.0). Table 5 presents the results of the test for overall goodness of fit. The results show that
the evaluation indicators broadly achieve an ideal state, suggesting that the model has a satisfactory
goodness of fit and the hypothetical model for path analysis is effective. Figure 3 presents the path
diagram of structural model, and the results of the standardized path coefficients are shown in Table 6.

Table 5. Evaluation indicator system and fitting result of SEM overall model fit.

Statistic Tested
Quantities Description Actual Fitting

Value Standard Result

GFI Goodness of fit index 0.924 >0.90 ideal
RMR Root mean square residual 0.043 <0.05 ideal

RMSEA Root mean square error of approximation 0.051 <0.05 close
AGFI Adjust goodness of fit index 0.794 >0.80 close
NFI Normed fit index 0.928 >0.90 ideal
IFI Incremental fit index 0.908 >0.90 ideal
TLI Tucker - Lewis index 0.919 >0.90 ideal
CFI Comparative fit index 0.908 >0.90 ideal
χ2/df Ratio between Chi-square to degree of freedom 1.774 <2 ideal

Table 6. SEM weighting factor regression between model variables.

Path Regression
Weights S.E. Standardized

Regression Weights Significance

Structural
Model

INT <— ATT 0.383 ** 0.162 0.342 Significant
INT <— SN 0.637 *** 0.157 0.510 Significant

INT <— PBC 0.572 *** 0.187 0.544 Significant
INT <— CF 1.068 ** 0.478 0.316 Significant
BEH <— CF 0.253 *** 0.097 0.304 Significant

BEH <— INT 0.127 *** 0.036 0.431 Significant

Measurement
Model

ATT1 <— ATT 1.000 — 0.887 —
ATT3 <— ATT 1.049 *** 0.050 0.899 Significant
ATT4 <— ATT 1.129 *** 0.047 0.947 Significant

SN1 <— SN 1.000 — 0.809 —
SN2 <— SN 1.084 *** 0.068 0.872 Significant
SN3 <— SN 1.167 *** 0.067 0.921 Significant

PBC1 <— PBC 1.000 — 0.553 —
PBC4 <— PBC 0.899 *** 0.098 0.872 Significant
PBC5 <— PBC 0.864 *** 0.095 0.854 Significant
PBC6 <— PBC 1.040 *** 0.109 0.947 Significant

CF1 <— CF 1.000 — 0.923 —
CF2 <— CF 1.001 *** 0.040 0.921 Significant

INT1 <— INT 1.000 — 0.931 —
INT2 <— INT 0.924 *** 0.038 0.898 Significant
INT3 <— INT 0.888 *** 0.040 0.872 Significant

BEH1 <— BEH 1.000 — 0.921 —
BEH2 <— BEH 1.036 *** 0.038 0.947 Significant
BEH3 <— BEH 1.023 *** 0.039 0.939 Significant

Note: Asterisks: *, **, and *** denote statistical significance at 10%, 5%, and 1%, respectively. “—” indicates that it is
the benchmark of SEM to estimate parameters.
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We focus first on the coefficient estimates among latent variables. According to the results of
structural model in Table 6, we observe that three core variables in TPB, namely, attitude, subjective norm,
and perceived behavioral control, are positively correlated with farmers’ intention to adopt low-carbon
production. The standardized path coefficients of these three latent variables are 0.342, 0.510, and 0.544,
respectively, and pass the significance test at the 5% level. This is in accordance with the studies of
Clarke et al. [48] and Vermont and De Cara [49], and suggests that the more positive attitude, stronger
perceived behavioral control, and more complete subjective norm a farmer has, the more obvious
intention he or she will have to be engaged in low-carbon production. Moreover, the results show
that the standardized path coefficients of the latent variable contract farming participation to farmers’
low-carbon production intention and behavior are 0.316 and 0.304, respectively, and pass the significance
test at the 5% level. The result is consistent with the study of Zhao et al. [46], and indicates that farmers
who have participated in contract farming are more likely to adopt low-carbon agriculture. Additionally,
there is a significant positive correlation between farmers’ intention to adopt of low-carbon production
and their low-carbon production behavior. The standardized path coefficient is 0.431 and passes the
significance test at the 1% level, suggesting that the stronger intention toward adopting low-carbon
production a farmer has, the more likely he or she will be to actually adopt low-carbon agriculture. This is
highly similar to the conclusion of Josef [50] and has confirmed the effect of farmers’ production intention
on their actual production behavior. In conclusion, the results are consistent with our hypotheses and
prove the reasonableness of the hypothetical model used in this study.

Next, from Table 6 we analyze the relations between latent variables and measurable variables.
The results of measurement model show that the measurement item concerning farmers’ willingness
to receive information about low-carbon agriculture (INT1) is the most prominent feature of the latent
variable intention of low-carbon production. This is consistent with the findings of Garbach et al. [51],
indicating that farmers who are willing to engage in low-carbon production have a more urgent demand
for information about low-carbon agriculture. The most prominent feature of the latent variable attitude is
knowledge about the content of low-carbon agriculture (ATT4); that of the latent variable subjective norm is
agricultural technician’s recommendation of low-carbon agriculture (SN3); and that of the latent variable
perceived behavioral control is farmers’ experience about the price of high-value agricultural products
(PBC6). These results imply that farmers’ perception of low-carbon agriculture, agricultural technician’s
recommendation, and past experience are closely related to farmers’ behavioral intention to adopt
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low-carbon production. Moreover, the two measurable variables concerning farmers’ participation in the
“firm + smallholder” contract model (CF1) and participation in the “firm + intermediary + smallholder”
contract model (CF2), share equal status in reflecting the latent variable contract farming participation.
Additionally, the most prominent feature of the latent variable behavior of low-carbon production is farmers’
adoption of low-carbon straw-biogas production (BEH2).

3.3. Multigroup Analysis

In this section, we further explored the difference in adoption decisions regarding low-carbon
agriculture among different groups of farmers. Multigroup structural equation model analysis is
used to evaluate whether a model for a certain sample is applicable for other different sample groups,
i.e., whether the hypothetical model has equal results among different samples or not, or whether
the estimated parameters are invariant or not. We employed the multigroup structural equation
model and used farmers’ production scale (i.e., planting area) and region as moderating variables.
According to the classification criteria of Qu and Huo [52] and our survey results, we classified farmers’
production scale into two categories: farmers whose planting area was greater than 4 mu were defined
as large-scale farmers, and other farmers were defined as small-scale farmers. Region indicators were
classified in accordance with economic development level: study counties in southern Jiangsu Province
were regarded as economically developed regions, and others were defined as less developed regions.

In order to find out the fittest path model, various parameter restrictions were required to perform
a multigroup analysis. Based on a comparison analysis on the fitness of outputs of the five models,
i.e., default model, variance equation model, covariance equation model, model invariance, and
path coefficient equation model, we finally chose default model (i.e., model without any parameter
restriction) as our multigroup analysis model. The simulated fitting results show that the root mean
and square error of approximation (RMSEA) values of the multigroup model range from 0.039 to 0.048,
which are smaller than the standard critical value of 0.05, that comparative fit index (CFI) values and
goodness of fit index (GFI) values are between 0.902 and 0.959, which are higher than the standard
value of 0.9, and that the ratio between Chi-square and degree of freedom (χ2/df) statistics are less
than 2. The above indicators reflect a good fitness of the multigroup analysis model with our sample
data. Tables 7 and 8 present the estimates of the multigroup structural equation models.

From Tables 7 and 8, we observe that in all specifications, the latent variables perceived behavioral
control and contract farming participation are positively correlated with farmers’ intention of low-carbon
production, and that farmers’ intention to adopt low-carbon production and contract farming participation
are positively correlated with farmers’ behavior of low-carbon production. This is consistent with our
main results shown above. Notably, there are some differences in model outputs across sample groups.

With respect to the latent variable subjective norm, we observe a significantly positive correlation
with small-scale farmers’ intention to adopt low-carbon production, however do not observe such a
significant correlation with large-scale farmers’ intention. The results suggest that the demonstration
role of model household and the government publicity of low-carbon agriculture have more influence
on small-scale farmers than on large-scale farmers. One possible explanation for this result is that,
compared with large-scale farmers, small-scale farmers are limited by their own endowments, and the
ability of information acquisition and the adoption of new technologies is insufficient; thus, small-scale
farmers’ acceptance of low-carbon technology extension services can marginally improve their ability
to adopt low-carbon technology. On the contrary, large-scale farmers have strong endowment, and their
ability to acquire information and adopt new technologies is strong; thus, the marginal promotion
effect of large-scale farmers’ acceptance of low-carbon agricultural extension services on their ability
to adopt low-carbon technology is limited.
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Furthermore, the results show that the latent variable attitude is not significantly correlated
with the intention of low-carbon production for farmers in developed regions, however does have
a significantly positive correlation for farmers in less developed regions. This might be attributed
to the difference in farmers’ perceptions of low-carbon agriculture resulting from the difference in
the level of development of low-carbon agriculture. Generally, economically developed regions have
a high level of low-carbon agriculture development. Moreover, based on the distribution of survey
samples and information obtained from interviews, farmers in developed regions were found to
have a stronger educational background than farmers in developed regions and, thus, have a clearer
perception of low-carbon agriculture. However, in less developed regions, farmers’ education level
and cognitive ability are uneven. Against this background, attitude will play a key role in low-carbon
adoption decisions for farmers in less developed regions; that is, small-scale farmers who have
more positive attitude and deeper perception of low-carbon agriculture are more likely to engage in
low-carbon production.

In brief, our research results imply that farmers with different production scales or in different
regions differ in their low-carbon production decision-making due to differences in their own resource
endowment and external environment.

Table 7. Multigroup analysis by production scale.

Path

Farmers with Small Production
Scale (N = 243)

Farmers with Large Production
Scale (N = 199)

Regression
Weights S.E.

Standardized
Regression

Weights

Regression
Weights S.E.

Standardized
Regression

Weights

INT<—ATT 0.482 * 0.257 0.397 0.590 ** 0.292 0.513
INT<—SN 0.661 *** 0.233 0.519 0.373 0.290 0.205

INT<—PBC 0.542 ** 0.269 0.547 0.640 ** 0.270 0.580
INT<—CF 1.421 * 0.763 0.367 1.038 * 0.583 0.357
BEH<—CF 0.806 *** 0.116 0.956 0.265 ** 0.107 0.324

BEH<—INT 0.168 ** 0.067 0.617 0.078 ** 0.037 0.253

ATT1<—ATT 1.000 — 0.859 1.000 — 0.899
ATT3<—ATT 1.044 *** 0.079 0.867 1.073 *** 0.069 0.914
ATT4<—ATT 1.235 *** 0.078 0.944 1.089 *** 0.063 0.949
SN1<—SN 1.000 — 0.769 1.000 — 0.824
SN2<—SN 1.055 *** 0.103 0.841 1.122 *** 0.096 0.886
SN3<—SN 1.193 *** 0.105 0.911 1.176 *** 0.094 0.926

PBC1<—PBC 1.000 — 0.532 1.000 — 0.557
PBC4<—PBC 0.801 *** 0.127 0.850 0.992 *** 0.156 0.882
PBC5<—PBC 0.740 *** 0.120 0.811 0.967 *** 0.153 0.872
PBC6<—PBC 0.971 *** 0.147 0.941 1.108 *** 0.168 0.946

CF1<—CF 1.000 — 0.880 1.000 — 0.943
CF2<—CF 1.033 *** 0.072 0.878 0.997 *** 0.050 0.943

INT1<—INT 1.000 — 0.920 1.000 — 0.935
INT2<—INT 0.852 *** 0.056 0.861 0.981 *** 0.055 0.918
INT3<—INT 0.846 *** 0.059 0.842 0.896 *** 0.057 0.883
BEH1<—BEH 1.000 — 0.911 1.000 — 0.919
BEH2<—BEH 1.053 *** 0.056 0.943 1.029 *** 0.056 0.944
BEH3<—BEH 1.004 *** 0.059 0.915 1.033 *** 0.056 0.947

Note: Asterisks: *, **, and *** denote statistical significance at 10%, 5%, and 1%, respectively. “—” indicates that it is
the benchmark of SEM to estimate parameters.
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Table 8. Multigroup analysis by region.

Path

Farmers in Less Developed Regions
(N = 228)

Farmers in Developed Regions
(N = 214)

Regression
Weights S.E.

Standardized
Regression

Weights

Regression
Weights S.E.

Standardized
Regression

Weights

INT<—ATT 0.286 * 0.158 0.258 0.586 0.410 0.511
INT<—SN 0.505 *** 0.176 0.414 1.030 ** 0.400 0.809

INT<—PBC 0.417 ** 0.185 0.452 0.755 * 0.387 0.613
INT<—CF 1.391 ** 0.627 0.418 0.933 * 0.552 0.809
BEH<—CF 0.790 *** 0.110 0.931 0.337 *** 0.127 0.422

BEH<—INT 0.209 ** 0.084 0.728 0.118 ** 0.052 0.390

ATT1<—ATT 1.000 — 0.888 1.000 — 0.885
ATT3<—ATT 1.028 *** 0.070 0.896 1.070 *** 0.071 0.902
ATT4<—ATT 1.150 *** 0.067 0.951 1.113 *** 0.065 0.945
SN1<—SN 1.000 — 0.801 1.000 — 0.833
SN2<—SN 1.049 *** 0.095 0.872 1.098 *** 0.092 0.870
SN3<—SN 1.175 *** 0.095 0.934 1.138 *** 0.088 0.905

PBC1<—PBC 1.000 — 0.549 1.000 — 0.565
PBC4<—PBC 0.799 *** 0.127 0.866 1.035 *** 0.153 0.881
PBC5<—PBC 0.770 *** 0.123 0.848 0.989 *** 0.149 0.858
PBC6<—PBC 0.955 *** 0.144 0.959 1.161 *** 0.167 0.937

CF1<—CF 1.000 — 0.934 1.000 — 0.911
CF2<—CF 0.987 *** 0.058 0.907 1.012 *** 0.057 0.929

INT1<—INT 1.000 — 0.916 1.000 — 0.955
INT2<—INT 0.919 *** 0.057 0.896 0.928 *** 0.049 0.908
INT3<—INT 0.918 *** 0.061 0.874 0.848 *** 0.052 0.867
BEH1<—BEH 1.000 — 0.900 1.000 — 0.946
BEH2<—BEH 1.087 *** 0.061 0.954 0.984 *** 0.047 0.938
BEH3<—BEH 1.061 *** 0.063 0.938 0.988 *** 0.046 0.942

Note: Asterisks: *, **, and *** denote statistical significance at 10%, 5%, and 1%, respectively. “—” indicates that it is
the benchmark of SEM to estimate parameters.

4. Conclusions

This paper studies farmers’ adoption decisions regarding low-carbon production with an extended
TPB and multigroup structural equation model. Our study is based on an extended TPB and a
household survey of 442 rice farmers conducted in four counties of Jiangsu Province, China. We focused
on investigating the correlations between farmers’ decision-making processes related to low-carbon
production and observable characteristics. The main results show that attitude, subjective norms,
perceived behavioral control, and contract farming participation are significantly positively correlated
with farmers’ intention to adopt low-carbon production and that farmers’ low-carbon production
intention and contract farming participation have a significant positive correlation with their actual
behavior regarding low-carbon production. Furthermore, we explored the differences in adoption
decisions related to low-carbon agriculture among different groups of farmers based on production scale
and region, respectively. The results show that the subjective norm for farmers with small production
scale is more strongly correlated with the adoption of low-carbon agriculture than it is for farmers with a
large production scale. Additionally, the attitude of farmers in less developed regions is more strongly
correlated with the adoption of low-carbon agriculture than it is for farmers in developed regions.

The conclusions of this paper have implications for the targeted support policies of low-carbon
agriculture. First, it is recommendable to publicize the idea of low-carbon agriculture through media
platforms such as television, broadcasting, newspapers, and the internet so as to let low-carbon
awareness take root in the hearts of farmers and thus improve farmers’ positive attitude toward
low-carbon production. In particular, the government should pay more attention to the support and
propaganda of low-carbon agriculture in less developed regions, so as to improve farmers’ awareness
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of low-carbon agriculture and change farmers’ traditional intensive farming practices. Second, given
the significant role of contract farming participation in farmers’ adoption of low-carbon agriculture,
it is also necessary to support the development of contract farming and encourage farmers sign a
contract with agribusiness firm or farmer cooperative. With respect to the propaganda of low-carbon
agriculture, the government shall make full use of the organizational characteristics of contract farming
and promote contract farming as a medium of low-carbon awareness and low-carbon technology.
Third, as initial achievements have been made in low-carbon agriculture, the government shall further
make a further commitment to provide low-carbon agriculture and improve agricultural infrastructure.
This is conducive to improving farmers’ capabilities regarding perceived behavioral control and further
improve their intention toward adopting low-carbon agriculture. Finally, government shall strengthen
the demonstrative role of low-carbon agriculture and popularize agricultural training and field
guidance by agricultural technicians to promote the dissemination of low-carbon technology. Notably,
our results may imply that the low-carbon technology extension services have a greater effect on
small-scale farmers’ adoption of low-carbon agriculture. However, the current low-carbon technology
extension services in China tend to serve large-scale farmers, and it is difficult for small-scale farmers
to access new low-carbon technologies. For a long time to come, small-scale peasant households will
still be the main part of the main body of agricultural management in China. Therefore, from the
perspective of the transformation of low-carbon agriculture to promote agricultural development
mode, future policy should balance the promotion efficiency and equity, and the service object of
low-carbon agricultural technology promotion should be aimed at all farmers. That is, we should
not overemphasize the scale of operation in the selection of promotion objects, and should pay more
attention to small-scale farmers. This strategy may be conducive to promoting the adoption rate of
low-carbon agriculture.

This study has limitations that may suggest future research directions. In this study, as SEM itself
also has inevitable defects, such as an inability to analyze the causal relationship between variables,
we only considered the correlation, rather than causal relationship, between farmers’ adoption decisions
regarding low-carbon agriculture and observable characteristics. Future research could use regression
models such as the multivariate probit model to study the influencing factors of low-carbon adoption.
Moreover, this study only considered one external factor, namely contract farming participation.
However, the cognitive activities of farmers are extremely complex and may be affected by many
factors. For example, the introduction of social capital is conducive to the analysis of the external
impact of farmers’ social network and trust on farmers’ low-carbon agricultural adoption decisions.
More specifically, social network can promote the exchange and transmission of information among
farmers, which will greatly reduce the information asymmetry and the cost of information collection of
low-carbon agriculture and thus improve farmers’ adoption rate of low-carbon agriculture. Furthermore,
trust plays a role in promoting cooperation and value identification, helping farmers form a consistent
sense of collective identity and public value norms, and thus promoting the adoption rate of low-carbon
agriculture. Therefore, future research could expand this study by considering the role of social capital
to explore farmers’ adoption decisions relating to low-carbon agriculture more deeply.
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Abbreviations

TPB Theory of planned behavior
SEM Structural equation model
GHG Greenhouse gases
IPCC Intergovernmental Panel on Climate Change
CO2 Carbon dioxide
CH4 Methane
N2O Nitrous oxide
TRA Theory of reasoned action
ATT Attitude
SN Subjective norm
PBC Perceived behavioral control
CF Contract farming participation
INT Intent of low-carbon production
BEH Behavior of low-carbon production
ATT1 Attitude 1: Understanding the role of low-carbon agriculture in environment
ATT2 Attitude 2: Understanding the role of low-carbon agriculture in income
ATT3 Attitude 3: Understanding the role of low-carbon agriculture in health
ATT4 Attitude 4: Knowledge about the content of low-carbon agriculture

SN1
Subjective norm 1: The positive impact of government propaganda on farmers’
decision-making of low-carbon production

SN2
Subjective norm 2: The positive impact of model household’s recommendation on farmers’
decision-making of low-carbon production

SN3
Subjective norm 3: The positive impact of agricultural technician’s recommendation on
farmers’ decision-making of low-carbon production

SN4
Subjective norm 4: The positive impact of low-carbon production behavior of relatives and
friends on farmers’ decision-making of low-carbon production

PBC1 Perceived behavioral control 1: Education level of household head
PBC2 Perceived behavioral control 2: Family annual income
PBC3 Perceived behavioral control 3: Village leader
PBC4 Perceived behavioral control 4: Well-grounded infrastructure
PBC5 Perceived behavioral control 5: Effective guidance for agricultural training
PBC6 Perceived behavioral control 6: Experience about the price of high-value agricultural products
CF1 Contract farming 1: Participation in the “firm + smallholder” contract model
CF2 Contract farming 2: Participation in the “firm + intermediary + smallholder” contract model
INT2 Intent of low-carbon production 2: Willingness to adopt low-carbon production

INT1
Intent of low-carbon production 1: Willingness to receive information about
low-carbon agriculture

INT3 Intent of low-carbon production 3: Willingness to learn low-carbon technologies
BEH1 Behavior of low-carbon production 1: Adoption of water saving irrigation
BEH2 Behavior of low-carbon production 2: Adoption of straw-biogas production
BEH3 Behavior of low-carbon production 3: Adoption of soil testing for formulated fertilizer
EFA Exploratory factor analysis
KMO Kaiser-Meyer-Olkin
CFA Confirmatory Factor Analysis
GFI Goodness of fit index
RMR Root mean square residual
RMSEA Root mean square error of approximation
AGFI Adjust goodness of fit index
NFI Normed fit index
IFI Incremental fit index
TLI Tucker - Lewis index
CFI Comparative fit index
χ2/df Ratio between Chi-square to degree of freedom
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