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Abstract:



Past studies showing that barriers to farmers’ adaptation behaviors are focused on their socio-economic factors and resource availability. Meanwhile, psychological and social considerations are sparingly mentioned, especially for the related studies in developing countries. This study investigates the impact of psychological factors and social appraisal on farmers’ behavioral intention to adopt adaptation measures for the aforementioned reason, due to climate change and not to anthropogenic climate change. Drawing on the protection motivation theory, a threat, coping, social appraisal, maladaptation and behavioral intention to adopt adaptation measures (TCSMBI) model was proposed to predict farmers’ adaptation. A structural equation model was then employed to analyze the relationships between variables in the TCSMBI model with 658 apple farmers in Shaanxi province, China. The empirical results showed that threat appraisal and coping appraisal have positive and significant impacts on behavioral intention to climate change. Moreover, threat appraisal reduces the occurrence of maladaptation, and social appraisal tends to have significantly positive impacts on threat appraisal and coping appraisal.
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1. Introduction


Climate change has affected all sectors and levels of society in the world. To cope with the consequences of climate change, individuals, communities and even countries must seek useful and effective adaptation strategies [1]. Adaptation to climate change, especially in developing countries, is vital and has been highlighted as a high or urgent priority [2]. Agriculture is inherently sensitive to climate conditions, and is among the most vulnerable sectors to the impacts of global climate change [3,4,5]. As a result, adaptation to climate change in agriculture has become an important research issue in recent years [6]. In China, rain-fed agriculture is the dominant source of food production, employment and income for the majority of the rural people. However, due to global climate change, farmers are facing challenges to benefiting from agricultural production. Therefore, it is important to understand farmers’ adaptation to climate change, which can help the government design appropriate policies to strengthen farmers’ adaptive capacity.



Adaptation to climate change has generally been defined as an adjustment in response to reduce the impact of climate change on the farming operation, livelihoods, and people’s lives [7,8,9]. Agricultural adaptation options are grouped according to four main categories that are not mutually exclusive [5]: technological developments such as developing new crop varieties, developing early warning systems and developing water management innovations [5], government programs and insurance such as developing crop insurance programs, modifying subsidy and incentive programs [5], changes to farm production practices such as diversifying crop or livestock types and varieties, changing timing of farm operations and changing the way irrigation [5,10], and changes to farm financial management such as diversifying sources of household income [5,10,11,12] and purchasing crop insurance [5]. The last two categories mainly involve farm-level decision-making by farmers and are called autonomous adaptations, mostly referring to the coping measures of individual farmers and other stakeholders in farming activities [13]. Changes in practices at the farm level are of elementary importance in effective agricultural adaptation to climate change [14]. Therefore, the adaptation measures discussed in this paper are basically autonomous adaptation.



There have been numerous studies from researchers across different disciplines investigating determining factors that affect farmers’ adaptation behaviors to climate change in agriculture [10,15,16,17,18,19,20]. Most of them have been conducted in developing countries where agriculture plays an essential role. According to their results, barriers to farmers’ perception of climate change and adaptation have been almost exclusively restricted to their socio-economic factors and resource constraints, such as lack of access to credit, land and information, lack of knowledge on adaptation, lack of access to extension services like a local department of technical extension, or shortage of water resources [16,17,18,19,20].



Although these studies have their advantages in partially explaining farmers’ decision-making mechanisms for adaptation behaviors, psychological barriers to farmers’ adaptation so far have been mostly neglected, especially in developing countries [21,22]. Only a few researchers have begun to be concerned about the influence of psychological factors on farmers’ behavioral intention to adopt adaptation measures. Grothmann and Patt [7] built a socio-cognitive model to understand individual behavioral intention to adopt adaptation measures based on protection motivation theory (PMT), examined this model through two case studies, one from urban Germany and one from rural Zimbabwe, and concluded this model is a good tool to explain private adaptation to climate change. After that, there were several studies applying PMT to understand individual behavioral intention to adopt adaptation measures to climate change [22,23,24]. Therefore, PMT has been demonstrated to be useful in explaining the influence of psychological factors on individual behavioral intention to adopt adaptation measures. However, studies applying PMT to analyze farmers’ adaptation to climate change in the context of China are non-existent.



Additionally, Truelove et al. [24] pointed out that agricultural practices are social in nature in developing economies. That means that in order to determine the existence and effectiveness of new agricultural technologies, farmers communicate with others within their social network to strengthen their perception of these technologies or practices, and then adopt them to improve their behaviors [25]. Below et al. [21] showed that strengthening of social capital is one of the best means of improving farmers’ adaptation to climate change in Tanzania. After that, others also indicated that social networks or social capital were found to significantly influence farmers’ adaptation behaviors [13,26,27]. Accordingly, social appraisal is a vital factor affecting farmers’ adaptation behaviors regarding climate change in developing countries, but it has been neglected by most studies. Although Truelove et al. [24] integrated social appraisal into PMT to predict paddy farmers’ behavioral intention to adopt adaptation measures, they did not consider the relationships between social appraisal and the main variables in PMT, which decreases the validity of the model. As opposd to previous studies, we consider the influence of social appraisal on other main variables of PMT and farmers’ adaptation in developing countries, especially in China.



This paper attempts to contribute to the literature by investigating how psychological factors and social appraisal influence farmers’ adaptation to climate change. We employ protection motivation theory (PMT) to build up the conceptual framework. Due to lack of application of PMT in China, testing the applicability of the integrated conceptual framework to climate change in Chinese cultural setting is one of the innovations of our research. For this purpose, we focus our attention on apple farmers’ behavioral intention to adopt adaptation measures in Shaanxi province, China. In particular, we narrow our focus to on-farm adaptation measures adopted by apple farmers, and the study uses data from the structured interviews with 658 apple farmers from eight counties in Shaanxi province, China. The purpose is to gain a greater understanding of apple farmers’ adaptation to climate change in China.



Following the introduction, the rest of this paper is organized as follows: a conceptual framework of farmers’ adaptation is presented in Section 2 followed by a description of the study materials and methods in Section 3. Discussion of estimation procedure and analysis of empirical results can be found in Section 4. Concluding remarks are contained in Section 5.




2. Conceptual Framework


PMT was originally introduced by Rogers in 1975, as an important theory in social cognitive of protective behaviors. Since then, there have been many studies applying this theory to understand and predict protective behaviors in the context of health risk [28,29,30], water conservation [31] and nuclear war [32]. Beyond these issues, PMT has been used for natural hazards [22,33,34,35], and climate change [7,23,24]. Hence, it is a key, effective theory that can deal with different threats within the domain of psychological research [23].



In the past few decades, a few studies have applied and extended PMT to analyze farmers’ behavioral intention to adopt adaptation measures to climate change [7,22,24,26]. Accordingly, there are four major variables in PMT, including threat appraisal, coping appraisal, maladaptation and protection motivation [22,23,28]. Threat appraisal concerns the process of estimating the threat of climate change: the likelihood of climate change occurring (perceived probability) and the severity should it occur (perceived severity) [23]. If the threat of climate change is deemed to be high risk, people intent to protect themselves from the threat (in this case reduce the occurrence of maladaptation and adopt adaptation measures).



In the coping appraisal, people evaluate their perceived ability to undertake adaptation measures (perceived self-efficacy; [22,24], as well as the perceived effectiveness of adaptation measures in preventing the threatened risk (perceived response efficacy; [22,24]). If individual farmers feel capable of coping with the threat and believe that new measures will be effective to adapt to climate change, they will intend to take protective actions and reduce the occurrence of maladaptation [23]. After threat appraisal and coping appraisal of climate change, people may choose maladaptation (i.e., fatalism, denial and wishful thinking) or come up with behavioral intention to adopt adaptation measures. Farmers’ fatalism, wishful thinking, and the denials of climate change risk may hinder their intention to adapt.



However, agricultural practices in many developing countries are social in nature and the current extensions of PMT do not fully capture these dynamics [24]. In production practice, farmers usually determine the existence and effectiveness of new agricultural technologies by communicating with others within their social network [25]. Such a network essentially provides informal communication channels, which farmers employ to receive and share information on new technologies or practices [36], as well as to learn individual productive behaviors [37]. As a result, numerous empirical studies demonstrated that social networks do significantly influences the adoption decision of individual farmers [36,37,38,39,40]. Additionally, Sherchan et al. [41] pointed out that the success of a social network for an individual relies on the level of trust between himself and other members in the same community. Without social trust, members may not feel comfortable expressing their opinions [42], which is makes it harder for individuals to receive and share information within their social network.



These related studies on social networks and social trust provide a meaningful reference to understand further farmers’ adaptation to climate change in developing countries. Based on these research results, social factors including social capital or social network were considered by several studies to explain farmers’ adaptation to climate change. For Tanzanian farmers, social capital was a significant predictor of agricultural adaptation [21]. Esham and Garforth [13] extended the “social networking” into PMT model to the study of farmers’ adaptation to climate change in Sri Lanka. They included an item assessing “social networking”, which was operationalized as how often the individual discusses climate change and adaptation measures with other farmers. Results indicated that farmers who more often communicate the information about climate change and adaptation measures with others adopt more adaptation measures by themselves. This is one of the first interesting findings to suggest that integrating a social element into the PMT may be useful to understand farmers’ adaptation behaviors. In addition, Truelove et al. [24] also integrated social appraisal and PMT into their theoretical framework, and found that farmers’ social appraisal positively predicts behavioral intention to adopt adaptation measures. As he noted, in Sri Lanka, farmers who interact with others, especially with his community (including community attachment, organization membership, and trust) as well as his perception of group norms surrounding adaptation measures are more likely to intend to adopt adaptation measures [24].



These recent findings illustrate that he potential exists for including the social considerations in models of farmers’ adaptation to climate change. Building on these existing works, we propose an extension of PMT that is more applicable to obtain a better understanding of farmers’ behavioral intention to adopt adaptation measures to climate change. In the threat appraisal, coping appraisal, social appraisal, maladaptation and behavioral intention to adopt adaptation measures model (TCSMBI), we include social appraisal as a predictor of farmers’ adaptation. In this study, social appraisal represents the extent to which an individual farmer identifies with members in his communities or villages including relationship of communication (intensity of communication) and trust (intensity of trust) with others, as well as how his learning effects surrounding adaptation behaviors from others. Farmers who tend to discuss adaptation measures to climate change and have strong trust relationships with other individuals within their social network, as well as those who learn how farmers’ behaviors change in response to climate change in their surroundings, will rate climate change as a serious threat, will feel capable of coping with the threat with the belief of the effectiveness of adaptation measures, and will be more likely to intend to and later adopt adaptation measures to climate change. Based on the above analysis, the interaction between these five variables can be expressed as shown in Figure 1. The objective of this paper is to examine the utility of the TCSMBI model in analyzing farmers’ behavioral intention to adopt adaptation measures to climate change in China.


Figure 1. Path diagram of the threat appraisal, coping appraisal, social appraisal, maladaptation and behavioral intention (TCSMBI) model.
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3. Materials and Methods


3.1. Research Site


Climate change and its impact vary from region to region [43], so we choose only one region, Shaanxi province in the central of China, as our research site (Figure 2). Shaanxi locates between 31.42°N–39.35°N latitude and 105.29°W–111.15°W longitude. It covers a total land area of 205,800 square km, and nearly 40% is in the region of loess plateau (wind deposited, lack of vegetation cover and susceptible to wind and water erosion) that mostly lie in the north [44]. The altitude ranges from 350 to 3500 m above sea level. This province is divided into three parts according to the administrative zone: Shaanbei Plateau in the north, Guanzhong Plain in the central, and Qinling-Dabashan Mountains in the south. Due to specific physiographic features and climate conditions in Shaanbei Plateau and Guanzhong Plain, Shaanxi has become one of the most suitable regions for apple production in the world, with more than 30 counties in which local governments regard apple industry as a dominant industry in developing the rural economy. According to the statistical data, the area of apple growing in Shaanxi province in 2013 reached 665, 200 hectares, accounting for 27.60% of the area in China and 12.75% in the world (FAO). Apple production is the dominant source of family income for the majority of smallholder farmers in this province, accounting for 71.38% of total family income in Shaanxi province according to survey data.


Figure 2. Shaanxi province and surveyed locations.
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The region has been identified as significantly vulnerable to climate change [44]. Regional climate data suggest the temperature has warmed by about 1.4 °C over the past 30 years, and future warm is continuing. Meanwhile, the magnitude of precipitation has declined by about 15% in recent decades, and continued reductions are projected in the future [44]. These characteristics of climate change have a serious influence on apple production, which results in the fluctuation of individual farm households’ income in this region. Therefore, understanding why apple farmers in this region are likely to undertake adaptation measures is vital to strengthen their adaptive capacity to climate change. Based on this information, Shaanxi province was selected purposefully to the focus of the study.




3.2. Sampling and Data Collection


The research design was based on multi-stage sampling techniques to collect the samples. In the first stage, eight counties including Yanan, Fuxian, Yichuan, Luochuan, Baishui, Changwu, Binxian and Xunyi were randomly selected from 30 major apple-producing counties based on the intensity of apple production (Figure 2). In the second stage, 5 villages in each selected county were randomly selected. In the third stage, random sampling techniques were used to collect the sample of smallholder farmers and around 15–20 households in each village were randomly selected. A sample frame acquired from the local apple sector was used to sample the required number of farmers from each village.



Face-to-face interviews were conducted during July and August 2015 by the authors and 14 interviewers who had been trained in two intensive training sessions, one before and one after the questionnaire’s pre-test. The interviewees were household heads and their spouses. To be eligible for interview, farmers must have grown apples for at least 10 years and heard about climate change in this region. A short definition of climate change and its interpretations were introduced to apple farmers before questions were asked. The interviewers visited 663 farm households, but 5 were not eligible for interview because of lack of major information. Thus, the final sample size was 658 completed questionnaires.



To collect the required data, a structured questionnaire was adopted that included 5 sections: farmers’ perceptions of climate change (perceived probability and severity), coping appraisal, social appraisal, behavioral intention to adopt adaptation measures and their demographic and economic backgrounds. The selection of explanatory variables was mainly developed from the frameworks of Dang et al. [23], Grothmann and Patt [7] and Truelove et al. [24], and refined. In order to ensure its clarity and relevance, the questionnaire was pre-tested with 40 randomly selected apple farmers’ households in this province.




3.3. Variable Measurements


Threat appraisal, coping appraisal, social appraisal and maladaptation are used as independent variables, and behavioral intention to adopt adaptation measures is used as a dependent variable in this study. The structural equation model (SEM) was used to estimate the interrelationships among five variables in the conceptual model. The following parts introduce how five variables are measured by observed indicators (see Table 1).



Table 1. Observed indicators of variables in the model.







	
Item

	
Description

	
Coding

	
Variables






	
TA1

	
Perceived probability

	
5-point Likert scale

(disagree to agree)

	
Threat appraisal




	
TA2

	
Perceived severity




	
CA1

	
Perceived response efficacy

	
5-point Likert scale

(not effective to effective)

	
Coping appraisal




	
CA2

	
Perceived self-efficacy

	
5-point Likert scale

(disagree to agree)




	
M1

	
There is no need to adapt because the influences of climate change on your life and apple production are light

	
5-point Likert scale

(disagree to agree)

	
Maladaptation




	
M2

	
It is not necessary to take adaptation measures since they do not work well




	
M3

	
Everything is decided by fate




	
SA1

	
Intensity of communication

	
5-point Likert scale

(not at all to very often)

	
Social appraisal




	
SA2

	
Intensity of trust

	
5-point Likert scale

(disagree to agree)




	
SA3

	
Learning effects




	
BI1

	
Changing timing of irrigation

	
To what extent the behavioral intention is on a 5-point Likert scale (not at all to very large extent)

	
Behavioral intention




	
BI2

	
Changing timing of fertilizer




	
BI3

	
Changing timing of pesticides




	
BI4

	
Diversifying the apple varieties




	
BI5

	
Using artificial grass in apple orchards




	
BI6

	
Covering black plastic film mulch in apple orchards




	
BI7

	
Investing in water storage in apple orchards




	
BI8

	
Diversifying income sources










Threat appraisal of climate change mainly includes perceived probability and perceived severity in the PMT measures [7,23,35,45]. Perceived probability is defined as ‘‘people’s expectation of the likelihood of the threat occurring” [24]. In this study, perceived probability was measured by asking apple farmers to rate to what extent they agreed with corresponding statements based on 5-point Likert scales (1 = strongly disagree to 5 = strongly agree). The three statements were “average temperature in recent five years has increased”, “average precipitation in recent five years has declined”, and “climate during different stages of the apple growing season (pre-flowering stage (January–March), flowering, fruit-set and fruit developmental stage (April–June), fruit developmental stage (July–September) and post-harvest stage (October–December)) has obviously changed in the last five years”. Perceived severity refers to the level of damage that people expect to bear if climate change is realized [26]. Accordingly, perceived severity of climate change was measured in five dimensions of farmers’ lives and apple production: family income, production investments like fertilizer and pesticide investments, apple growing, apple yield and quality. Individual apple farmers were asked to respond to the statement “climate change has a serious influence on your family or your apple growing” on a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree). These five items were used to build a composite measure of perceived severity.



Perceived response efficacy and perceived self-efficacy are the main efficacy items comprising the coping appraisal process [22,24,45,46]. Perceived response efficacy is defined as “the belief about whether a proposed coping response will be perceived to be effective in reducing threat to the individual” [22,28]. Accordingly, respondents were asked to rate the effectiveness of adaptation measures to climate change by asking “how effective are the measures at helping to reduce the impact of climate change on your apple production and your family life?” Consequently, 8 adaptation measures were presented and each item was anchored by 1 = not at all effective to 5 = very effective. These 8 adaptation measures are detailed in the next section. These 8 measures were combined into a composite measure of perceived response efficacy. Similarly, perceived self-efficacy is defined as “the perceived ability of the person to carry out adaptation measures” [22,47]. The measurements of self-efficacy were developed based on measuring how confident respondents felt about their ability to protect their agricultural production from climate change [22]. In this study, individual apple farmers were asked “you are confident about taking the following 8 adaptation measures to reduce the impact of climate change” based on 5-point Likert scale (1 = strongly disagree to 5 = strongly agree).



Grothmann and Patt [7] mentioned that individuals’ maladaptation responses include denial of the threat of climate change, wishful thinking and fatalism. It is believed that farmers are less likely to adapt when they are subject to wishful thinking, denials of climate change risk, and fatalism [23]. Thus, maladaptation was measured by asking apple farmers to response to what extent they agreed with corresponding three statements based on 5-point Likert scales (1 = strongly disagree to 5 = strongly agree). The three statements were “there is no need to adapt because the influence of climate change on your life and apple production is small”, “it is not necessary to take adaptation measures since they do not work well”, and “everything is decided by fate”.



Based on the above analysis in Section 2, social appraisal includes the intensity of communication and trust with others, and learning effects from other members in individuals’ communities. According to Esham and Garforth [13], Truelove et al. [24] and Wang and Lu [48], three components were measured as follow. The intensity of communication were measured by asking apple farmers to rate to what extent they communicated in their communities with corresponding three statements based on 5-point Likert scales (1 = not at all to 5 = very often). The three statements about intensity of communication were “how often do you communicate about climate change and adaptation measures on apple production with other farmers”, “how often do you communicate about adaptation measures on apple production with staff in local extension department related to apple industry”, “how often do you communicate about adaptation measures on apple production with experts in apple’s technical training courses”. The intensity of trust was measured by asking apple farmers to rate to what extent they agreed with corresponding statements based on 5-point Likert scales from 1 (strongly disagree) to 5 (strongly agree). The three statements were as follow: “you think that you can trust farmers in your community or village when you communicate with them”, “you often borrow something to the villagers”, “you believe all kinds of information from your village committee, especially the information related to apple”. Similarly, the measuring statements of learning effects were “When you see someone in your community or village adopts adaptation measures to climate change, you will also adopt”, “the more farmers adopt adaptation measures, the more you will adopt”, “you adopt adaptation measures because of the suggestions from others in your community or village”, “when you see that the effect of one measure is pretty good, you will take with no hesitation” on a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree).



The dependent variable is apple farmers’ behavioral intention to adopt adaptation measures. According to past research about this issue, farmers have a variety of measures to deal with unexpected losses in agricultural production associate with climate change, include adjusting production practices, water management, crop diversification, diversifying income sources, and participating in risk-reduction policies [5,18,22,23,24]. In addition to these measures mentioned by past studies, apple farmers also take several other specific measures to adapt to climate change due to the perennial characteristics of apple growing, such as using artificial grass in apple orchards, covering black plastic film mulch in apple orchards, and investing in water storage in apple orchards [49,50].



Combining the conclusions of past these studies and characteristics of apple growing, 8 adaptation measures for reducing the effects of climate change on apple production were included in this study: changing timing of irrigation, changing timing of fertilizer, changing timing of pesticides, diversifying the apple varieties, using artificial grass in apple orchards, covering black plastic film mulch in apple orchards, investing in water storage in apple orchards, and diversifying income sources [49,50]. In practice, behavioral intention of adaptation against climate change was measured by asking apple-producing farmers to rate what extent they intended to adopt each adaptation measure. These were measured using a 5-point Likert scale (1 = not at all to 5 = very large extent). The 8 adaptation measures were combined into a composite measure of behavioral intention.



The maximum livelihood estimation was run to solve this SEM of apple farmers’ adaptation by IBM SPSS Amos 22. The estimation of SEM included two procedures: evaluate the validity of the measurement model and test the structure model [23,51]. In the first procedure, confirmatory factor analysis (CFA) was run. Two criteria for assessing the validity of the measurement model are the acceptable levels of goodness-of-fit (GOF) and construct validity [52]. Although different studies reported Chi-square test and other various GOF indices [23,51,53], there are several goodness-of-fit indices commonly used, including root mean square error of approximation (RMSEA), comparative fit index (CFI), goodness-of-fit index (GFI), normed fit index (NFI), and normed Chi-square ([image: there is no content]/df) [54]. Besides, in order to get the value of construct validity, three indicators need to be calculated: standardized factor loadings, average variance extracted (AVE) and construct reliability (CR) [23]. In the second procedure, SEM was tested on GOF indices with the same assessment criteria in CFA, followed by the interpretation of path coefficients, direct, indirect and total effects.





4. Results and Discussion


4.1. The Measurement Model


This study uses 658 observations to conduct the CFA. Accordingly, the goodness-of-fit indices for the measurement model are [image: there is no content] = 190.707, df = 104, p = 0.000, CFI = 0.984, GFI = 0.969, NFI = 0.965, RMSEA = 0.036 and normed [image: there is no content] = 1.834. The p-value was less than 0.01 (1% significant level), so the null hypothesis that the observed and estimated covariance matrices are equal was rejected. However, if the number of sample observations is higher than 250, a significance p-value is normally expected [52]. The good fit level of CFI, GFI and NFI is commonly at 0.95 and 0.90, respectively [54]. RMSEA is acceptable between 0.03 and 0.08 and normed Chi-square equal or less than 3 is associated with better fit [52]. All goodness-of-fit indices show a good fit, and thus it can be concluded that there is a relatively good fit between the measurement model and the sample data.



In addition to these indices, factor loadings, CR and AVE of construct also are required in the model. Standardized factor loadings should be at least 0.5, and statistically significant. They contribute to calculating the construct validity [52]. In our model, all standardized factor loadings are statistically significant, and most of them are above 0.5 except several values at a lower level (Table 2). CR and AVE are two indicators of convergent validity of the model. CR at 0.6 or higher suggests good reliability, and an AVE of 0.5 or higher suggests adequate convergence [52]. In our model, the CR values for all constructs are higher than 0.6, and thus these results suggest acceptable reliability. The AVE values for some constructs (threat appraisal, social appraisal) are at marginal levels and but the other respective indicators (i.e., CR and factor loadings) are at acceptable levels, which implies that the model has acceptable convergent validity in this study.



Table 2. Factor loadings, average variance extracted (AVE) and construct reliability (CR) in CFA.







	
Variables

	
Items

	
Factor Loadings

	
AVE

	
CR






	
Threat appraisal

	
TA1

	
0.724 a

	
0.453

	
0.621




	
TA2

	
0.599 ***




	
Coping appraisal

	
CA1

	
0.766 ***

	
0.642

	
0.782




	
CA2

	
0.835a




	
Social appraisal

	
SA1

	
0.713 ***

	
0.378

	
0.639




	
SA2

	
0.642 ***




	
SA3

	
0.461 a




	
Maladaptation

	
M1

	
0.723 ***

	
0.518

	
0.76




	
M2

	
0.821 a




	
M3

	
0.597 ***




	
Behavioral intention

	
BI1

	
0.846 a

	
0.495

	
0.878




	
BI2

	
0.729 ***




	
BI3

	
0.646 ***




	
BI4

	
0.812 ***




	
BI5

	
0.798 ***




	
BI6

	
0.795 ***




	
BI7

	
0.584 ***




	
BI8

	
0.176 ***








Note: *** significant at 1%. a Values were not calculated because loadings were set to 1.0 to control construct variance.









4.2. Hypotheses Testing


The structural model was tested next. The goodness-of-fit indices ([image: there is no content] = 198.936, df = 105, CFI = 0.982, GFI = 0.968, NFI = 0.964, RMSEA = 0.037 and normed [image: there is no content] = 1.895) support the appropriateness of the structural model. Table 3 presents standardized path coefficients resulting from testing the proposed structural model. Most structural path coefficients were significant (support was found for five of the nine hypothesized paths) and the signs of structural paths coefficients were consistent with the hypothesized relationships. The squared multiple correlation (R2) is 60.4% for the dependent variable, behavioral intention to adopt adaptation measures. That means over 60.4% variation of behavioral intention can be explained by the significant independent variables in the TCSMBI model. Figure 3 shows the results of hypothesis testing.


Figure 3. Results of the structural model.
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Table 3. Standardized coefficient estimates of the structural model.







	
Paths

	
Estimates

	
S.E.

	
t-Value






	
H1: Threat appraisal[image: there is no content]Behavioral intention

	
0.244

	
0.170

	
2.979 ***




	
H2: Threat appraisal[image: there is no content]Maladaptation

	
−0.454

	
0.338

	
−4.187 ***




	
H3: Coping appraisal[image: there is no content]Behavioral intention

	
0.720

	
0.087

	
12.389 ***




	
H4: Coping appraisal[image: there is no content]Maladaptation

	
0.015

	
0.142

	
0.229




	
H5: Maladaptation[image: there is no content]Behavioral intention

	
−0.047

	
0.033

	
−0.946




	
H6: Social appraisal[image: there is no content]Threat appraisal

	
0.410

	
0.106

	
4.124 ***




	
H7: Social appraisal[image: there is no content]Maladaptation

	
0.082

	
0.291

	
0.942




	
H8: Social appraisal[image: there is no content]Coping appraisal

	
0.571

	
0.119

	
7.136 ***




	
H9: Social appraisal[image: there is no content]Behavioral intention

	
−0.073

	
0.143

	
−1.136




	
Squared Multiple Correlation (R2)

Behavioral intention = 60.4%

	

	

	








Note: *** significant at 1%.








Accordingly, behavioral intention to adopt adaptation measures to climate change not due to anthropogenic climate change is significant positively affected by threat appraisal and coping appraisal (H1: [image: there is no content] = 0.244, t-value = 2.979 and H3: [image: there is no content] = 0.720, t-value = 12.389, respectively) and is insignificantly negatively affected by maladaptation (H5: [image: there is no content] = −0.047, t-value = −0.946). There is a significantly negative relationship between threat appraisal and maladaptation with the structural path estimate of −0.454 and a t-value of −4.187 (H2), while the relationship between coping appraisal and maladaptation is not significant (H4: [image: there is no content] = 0.015, t-value = 0.229). In addition, social appraisal has statistically significant effects on threat appraisal and coping appraisal with [image: there is no content] = 0.410 and t-value = 4.124 (H6), and [image: there is no content] = 0.571 and t-value = 7.136 (H7), respectively. However, the relationships between social appraisal, and maladaptation and behavioral intention respectively are not significant. The standardized coefficients are 0.082 (H8) and −0.073 (H9) (Table 3).



The empirical results of the structural model indicate that higher threat appraisal and coping appraisal would lead to higher levels of behavioral intention to adopt adaptation measures. This means that when apple farmers believe there is a higher likelihood of climate change are threatening their family income, production investments, apple growing, apple yield and quality, they are more likely to have a higher intention to adapt to climate change. Farmers’ behavioral intention also increases when they perceive greater effectiveness of adaptation measures and greater ability to carry out adaptation measures. By contrast, farmers are less likely to intend to adapt when they are subject to wishful thinking, the denials of climate change risk, and fatalism. These results are consistent with the findings of Grothmann and Patt [7], Grothmann and Reusswig [34], and Dang et al. [23].



Moreover, the results show that higher threat appraisal to climate change would reduce the occurrence of farmers’ maladaptation. Although this is not consistent with the point that climate change risk appraisal positively affects maladaptation [7], Dang et al. [23] found a significant and negative association between risks of climate change and maladaptation to farmers in Vietnam. This can be explained by the fact that many farmers have perceived the harmful influence of climate change on their lives and agricultural production, and then tend to take various adaptation measures directly, which results in only a small proportion of farmers being inclined to choose maladaptation when they are asked questions about climate change. Coping appraisal of adaptation measures does not statistically significantly affect maladaptation, but it has a positive relationship with behavioral intention to adopt adaptation measures. Dang et al. [23] similarly found coping adaptation assessment to be insignificant and positive in predicting intention to undertake adaptation measures.



The findings further indicate that farmers’ higher social appraisal would significantly improve their threat appraisal to climate change and coping appraisal to adaptation measures. When farmers prefer to communicate information about climate change and adaptation measures with other individuals (e.g., friends, relatives, neighbors and even staff in extension services) in their surroundings, they may have a deep understanding to climate change and adaptation measures, which promotes them tend to believe that higher likelihood of climate change are threatening their family income and agricultural production, and perceive greater effectiveness of adaptation measures and stronger confidence to take adaptation measures, and then intend to adopt adaptation measures. Additionally, those who have a higher trust level with other individuals in their neighbors are more likely to intend to adopt adaptation measures, when they learn adaptation measures through observing neighboring farmers and attempt to imitate their behavioral change to climate change. In Sri Lanka, Esham and Garforth [13] similarly reported that social network significant positively affects farmers’ adaptation as most adaptation measures are learned through experience and observing neighboring farmers. In contrast, social appraisal has an insignificant positive relationship with maladaptation, and a negative association with behavioral intention, which is inconsistent with the expected sign in conceptual framework. The result may be explained by the fact that many apple farmers have a low level of cognition about new-style adaptation measures such as using artificial grass in apple orchards, covering black plastic film mulch in apple orchards, and investing in water storage in apple orchards, whilst they have higher social appraisal, which results in decreasing behavioral intention to adopt adaptation measures to climate change.



The total effects of the structural equation model can be divided into direct and indirect effects on the basis of its inter-correlated relationships [55]. Direct effects of variables can be found in the results of standardized coefficient estimates of the structural model (Table 3). According to Bollen [56], an identification of indirect effects can help assess whether or not the secondary effects strengthen or moderate structural associations between the variables. Therefore, analyzing total, direct and indirect effects of variables can help us understand the interrelationships of variables more comprehensively (Table 4). The total effects between threat appraisal and coping appraisal, and behavioral intention are 0.265 and 0.719, which are mainly contributed by direct relationships (0.244 and 0.720, respectively). The effects of the direct structural path between social appraisal and behavioral intention is not significant and the coefficient is −0.073, very small. But it is important to note that there is a significant and strong indirect effect between the two latent variables that are mediated by threat appraisal and coping appraisal. That is, social appraisal mainly contributes to threat appraisal and coping appraisal respectively, which in turn affect farmers’ behavioral intention. The inclusion of this variable in PMT model can improve its interpretation to predict farmers’ behavioral intention to adopt adaptation measures to climate change.



Table 4. Total, direct and indirect effects of variables.







	
Variables Relationships

	
Total Effects

	
Direct Effects

	
Indirect Effects






	
Threat appraisal[image: there is no content]Behavioral intention

	
0.265

	
0.244

	
0.021




	
Coping appraisal[image: there is no content]Behavioral intention

	
0.719

	
0.720

	
−0.001




	
Social appraisal[image: there is no content]Behavioral intention

	
0.442

	
−0.073

	
0.515










Since farmers’ behavioral intention to adopt adaptation measures to climate change is mainly directly affected by threat appraisal and coping appraisal, and indirectly influenced by social appraisal, some policy implications need to be considered. Threat appraisal and coping appraisal are influenced by information farmers receive about climate change and adaptation measures, whilst the information diffuses among farmers through their communication and learning in communities. Therefore, firstly, it is essential to ensure the accuracy and timeliness of the information that farmers obtain; secondly, it is very important to take advantage of farmers’ social networks and learning effects on the spread of such information. According to our practical survey, many apple farmers lack the technical knowledge of adaptation measures, especially the new-style adaptation measures, which hinders farmers’ intention to adapt to climate change. This suggests that agricultural extension services should strengthen communication with local farmers in different ways (information propagating, organizing technical training about climate change and adaptation measures, etc.), which help farmers understand the importance of adaptation and function of adaptation measures to climate change. Those who have taken measures to adapt should be regarded as role models and encouraged to share their good experiences in adapting to climate change with other farmers. Meanwhile, those who never take measures should be encouraged to learn the effective adaptation measures from others who they trust (e.g., farmers, agricultural extension services). Only in these ways can farmers improve their adaptive capacity to climate change.



Five of the nine path coefficients of the TCSMBI model, a PMT-based model of agricultural adaptation (threat appraisal, coping appraisal, social appraisal, maladaptation and behavioral intention), are found to be significant. Therefore, the TCSMBI model is a useful framework to explain the farmers’ behavioral intention to adopt adaptation measures to climate change. However, like all studies, this study is not without limitations. One of limitations is that there may be grounds for questioning whether it is possible to elicit farmer’s social appraisal from answers to standardized questions. This limitation should be kept in mind when evaluating the conclusions of our study. How to improve the construct validity in the measurement of farmers’ social appraisal should be analyzed in future research.





5. Conclusions


According to the results of the structural equation model, the TCSMBI model is a useful framework to investigate farmers’ behavioral intention to adopt adaptation measures to climate change in China. First, findings of this study prove that the PMT plays a significant role in predicting farmers’ behavioral intention to adopt adaptation measures against climate change. The results show that threat appraisal and coping appraisal significantly and positively affect behavioral intention to adopt adaptation measures to climate change, whilst there is a significantly negative relationship between threat appraisal and maladaptation. Second, the empirical study provided clear evidence that social appraisal is also a significantly important factor influencing farmers’ behavioral intention to adopt adaptation measures in developing countries. Accordingly, social appraisal has statistically significant effects on threat appraisal and coping appraisal while the relationship between social appraisal and behavioral intention is not significant. This means social appraisal mainly contributes to threat appraisal and coping appraisal, which in turn affect farmers’ behavioral intention to adopt adaptation measures to climate change.
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