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Abstract

:

In face of gradual ecological deterioration, the Chinese government has been in search of more efficient and effective mitigation policies, aiming to promote the sustainability of livestock production. However, researchers and policy makers seem to neglect a key issue: pinpoint policies are the most important, which means niche targeting is the premise before any policy design, such that better knowing of the livestock farmers preference is prerequisite. This paper then analyzes this question using a method of choice experiment to elicit the farmers’ preference and valuation of livestock pollution control policy instruments at household-scale, medium-scale and large-scale farms. Five attributes (technology regulation, pollution charge, biogas subsidy, manure price, and information provisioning) were set as livestock pollution control policy instruments. In total, 754 pigs farmers from five representative provinces in China were surveyed, and the collected data were analyzed using random parameter logit models. The marginal substitution rates for attributes are estimated both with preference space approach and willingness to pay space approach. The results show significant heterogeneities in farmers’ preferences and valuations for livestock pollution control policy instruments within the three scales. All policy instruments effectively increased the manure eco-friendly treatment ratio for medium-scale farms, and household-scale farms showed little change in the manure eco-friendly treatment ratio under all policy instruments. Household-scale farms and medium-scale farms suggested the highest preference for the biogas subsidy policy, while large-scale farms suggested the highest preference for the manure price policy.
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1. Introduction


Livestock production in China, which has been ignored for decades, was the main source of point source pollution and accounted for more than 90% of chemical oxygen demand, 38% of total agricultural nitrogen and 56% of total agricultural phosphorus discharges to surface water systems [1]. Ecological damages associated with livestock production have been intensively investigated worldwide because onsite nutrient release, nitrous oxide emissions from animal wastes such as manure, threats to biodiversity, and soil acidification, among others are important sources influencing our environment [2].



To deal with such serious ecological problems, several policies such as direct regulation, subsidy, pollution charges and rewards have been launched by the Chinese government to ensure the production of livestock can be sustainable. For instance, a biogas subsidy program introduced by the Chinese government in 2005 has become the most important instrument in rural China. Over 24.8 billion Yuan in subsidies have been invested to encourage farmers to install biogas digesters from 2001 to 2010 [3]. In addition, the eco-friendly utilization of manure has been encouraged and supported by the act of “Intensive livestock farming Pollution Prevention Regulations” established in 2014 [4]. Nevertheless, the current policy instruments to decrease the environmental impacts of rapidly expanding livestock production in the future are with little success. A report from SAIN [5] showed that nearly 20% of generated livestock manure was dumped, 66% was directly utilized as fertilizer without treatment, and only 8% was used to produce biogas.



Participation of individual farmers plays an important role in determining the effectiveness of environmental policies. To ensure the efficient livestock production, willingness to comply and willingness to accept must be determined so that farmers can participate with the program and the mechanism can be responded effectively. This is because the policy instruments are usually designed in cost effective approaches, farmers’ preferences and needs were ignored [6]. Meanwhile, as Zheng et al. [7] pointed out, effectiveness of pollution mitigation from livestock production is often decided by scale groups, which have significant differences. As the Statistical Yearbooks of Chinese Livestock Husbandry indicates, the amount of medium-scale farms and large-scale farms has increasing for decades, but the amount of livestock breeding in household operations has decreased during this period. To illustrate, the proportion of household-scale pig farms (less than 50 pigs) was 76.80% in 1998, but this proportion decreased to 35.49% in 2010; in the same period, the proportion of medium-scale farms (50–500 pigs) increased from 7.66% to 29.97%, and the proportion of large-scale farms (more than 500 pigs) increased from 15.53% to 34.54%. Nevertheless, scholars identified the continuing coexistence of household-scale, medium-scale, and large-scale patterns as the primary differences between China and other countries [8]. As a result, effective policy instruments must be investigated and employed to target different groups that may differ in final operationalization between the three scales.



Against this background, we employ a choice experiment (CE) approach to investigate farmers’ prospective responses to policy instruments in the Chinese livestock sector. Specifically, this work investigates to what extent the policy instruments and their levels may affect farmers’ willingness to comply; explores the heterogeneity of preferences among different scale farms; and draws useful conclusions that can be used to improve the design of mechanisms. Few studies have analyzed the preferences for livestock pollution control policy instruments between different scale farms in China. Meanwhile, the previous research related to farmers’ preference for agri-environmental schemes usually adopts a price attribute to investigate the farmers’ willingness to comply or implementation under different policies. Unlike the previous approaches, we use an attribute that reflects the participation intensity of the respondent (manure eco-friendly treatment ratio). Results from this study can deduce how manure eco-friendly treatment ratio may be influenced by characteristics of policies by investigating the marginal rate of substitution among attributes. In addition, we also calculate the marginal substitution rates for attributes in willingness to pay space method, which can model farmers’ heterogeneous preferences and result in more stable estimates.



This study is organized as follows: the next section narrates the choice experiment approach and survey design; Section 3 provides descriptive results of the survey; and Section 4 gives detailed random parameter logit regression results and the valuation of different policy attributes, and the last section is Conclusions that will summarize this study.




2. Methodology


2.1. The CE Approach and Agricultural Environmental Policy


Two general paradigms for preference elicitation are “conjoint analysis” (CA) and “choice experiments” (CE). As stated by Louviere et al. [9], CA is based on a non-behavioral theory of “Conjoint Measurement” (CM) and requires individuals to rank or rate choice data. Thus, CA cannot give detailed information about how individual behavior will alter in reaction to different choice sets. Because CA relies on CM, CE evolved out of a deep-rooted theory of choice behavior which can consider individual choice behaviors. Specifically, as recalled by Bennett and Blamey [10], CE roots in Lancaster’s theory of demand which assumed that any good can be decomposed in a finite set of characteristics, referred to as attributes. Individuals derive utility not from the good itself, but from its attributes [11]. CE is an appropriate approach to investigate individual preference for policy instruments. By asking individuals to select an alternative policy option from various policy choices, we can figure out how individuals will trade off the policy attributes and their levels [12].



Nowadays, a growing body of literatures employed CE to assess farmers’ preference for different agricultural environmental policies. Ruto and Garrod [13] conducted a CE with 2262 EU farmers to assess their preference toward an agri-environmental schemes (AES). Espinosa Goded et al. [14] studied Spanish farmers’ preference for an AES that targeted at cultivating nitrogen fixing crops in marginal dry-land areas. Christensen et al. [15] investigated the preference toward subsidy schemes that aimed at reducing pesticide use based on the data of 444 Danish farmers. Otieno et al. [16] analyzed 343 Kenyan cattle farmers’ preference for an AES for disease free zones. Broch and Vedel [17] investigated farmers’ preference for afforestation schemes in Denmark. Schulz et al. [18] analyzed 128 German farmers’ willingness to participate in the Common Agricultural Policy program (CAP). Lienhoop and Brouwer [6] studied farmers’ preference for an AES aimed at afforestation in Germany. Villanueva et al. [12] assessed Spanish farmers’ willingness to enroll in an AES. Vidogbéna et al. [19] investigated vegetable producing farmers’ willingness to comply with pest control schemes in Benin.




2.2. Attributes and Levels


We fix the policy attributes and their levels in our CE from previous studies that investigated agricultural environmental policies in Chinese livestock production [7,20] and two focus-group survey conducted in Jiangxi Province and Jiangsu Province. We also carried out broad consultations with experts and government officials in soil science, environmental science and agricultural science. The survey was pretested in a small pilot study conducted in Jiangxi Province and Jiangsu Province. Through this process, six attributes were set: technology regulation, pollution charge, biogas subsidy, manure price, information provisioning and manure eco-friendly treatment ratio. Technology regulation is a command-based policy instrument, while pollution charge, biogas subsidy and manure price are market-based policy instruments and information provisioning is a communicative policy instrument. Table 1 listed the attributes and their levels in our CE.



Manure eco-friendly treatment ratio was used as a policy outcome variable in this research. The manure eco-friendly treatment ratio refers to how much more or less manure each farmer is likely to treat in an eco-friendly way. Farmers will not treat the manure in an eco-friendly way activity because they can receive benefits by neglecting manure treatment and the government must give support to encourage farmers to treat the manure in an eco-friendly way. Using manure eco-friendly treatment ratio as the policy outcome attribute, we can figure out how farmers would trade-off different levels of policy attributes against manure eco-friendly treatment ratio.




2.3. Experimental Design


Based on the six attributes and their levels shown in Table 1, we can obtain 864 livestock pollution control policy profiles which will create 864 × 863 possible combinations making up the livestock pollution control policy designs. It is clearly too difficult for farmers to choose from such a large number of choice tasks in practice [22]. Therefore, it is important to be able to determine the number of choice profiles and to randomly design the attribute combinations of livestock pollution control policy instruments to reduce bias and estimate all of the cross-terms. For this reason, we employed an orthogonalization approach of main effects experimental design with SPSS version 13.0 to cut down the number of combinations to 12 with a D-efficiency of 92.6%. Furthermore, to reduce farmer’ cognitive burden and probability of respondent fatigue, all of the 12 choice combinations were randomly divided into 3 groups with 4 choice sets in each group [23]. Each farmer receives a total of 4 randomly selected choice sets. Each choice set depicts two alternatives describing two different livestock pollution control policy combinations and a baseline alternative option. The latter baseline alternative option is referring to “no policy” indicating that farmers choose not to comply with any of the two livestock pollution control policy combinations. The reason we set “no policy” as the baseline alternative option is that not all farmers in China are influenced by current livestock pollution control policies, and most importantly, they are actually not required to practice under these policies so far. Thus, ”no policy” is the baseline that we found can fit to all targeted farmers for our study. Inclusion of a baseline alternative option is important for the interpretation of farmers’ choices in terms of welfare economics and is accordance with demand theory [10]. By including a baseline alternative option, we can resemble farmers’ practical choice behavior and decrease the likelihood of forced choice because farmers may not want to change the current practice [24]. An example of a choice set is presented in Figure 1.




2.4. The Econometric Model


2.4.1. The Random Parameter Logit Model (RPL)


Based on the Lancaster demand theory, the utility obtained from a certain livestock pollution control policy instrument is the sum of the utilities obtained from each of the six policy attributes. Random utility theory assumes that individual   i   aim to maximize the utility and thus choose the alternative   j   that delivers most utility. It is difficult to predict farmers’ choice behavior because of the information deficiency by the analyst. In order to account for this uncertainty, the utility function is comprised of a deterministic (observable) component (    V  i j     ) and an error component (    ε  i j     ), which can be shown as follows:


    U  i j   =  V  i j   +  ε  i j     



(1)







The conditional logit model (CLM) is the most frequently used model to estimate Equation (1). The CLM take for granted that the relationship between utility and attribute parameters is linear, and the error term is identically and independently distributed (i.i.d.) [25]. Moreover, the CLM model results will be biased if i.i.d. is violated, such that it is much more accepted to use a model where the i.i.d. should not be used. In addition, the CLM assumes that individuals have homogeneous preference. However, just as we stated in the introduction section, the livestock farmers in China are heterogeneous and their demand and preferences for policy is not the same. Assuming that farmers have homogeneous preference will get a biased estimation [16].



The random parameter logit model (RPL) is advanced, and it not only requires the i.i.d. assumption, but can also take preference heterogeneity across individuals into consideration. The associated random utility function is as follows:


    U  i j   =  β i   X  i j   +  ε  i j     



(2)




where     X  i j      is a vector of observed determinants, and     β i     is a vector of individual-specific taste coefficients with a cumulated density function    f (  β i   | Ω  )   , where   Ω   include parameters of the distribution, and     ε  i j      is an unobserved random error term that is i.i.d. extreme value, and independent of     β i     and     X  i j     .



However, the RPL model cannot give detail explanation for the reasons of heterogeneity. Since heterogeneity is often resulting from different socio-economic characteristics of the participants [26], one way to identify the sources of heterogeneity is by allowing interactions of farmers’ socio-economic characteristics with choice specific attributes and/or an alternative specific constant (ASC) in the utility function. The indirect utility function estimated with interaction terms can be expressed as:


    V  i j   = A S C +  β  m h r   × M T  R  i j   +   ∑  n = 1  n    β n   Z n    +   ∑  m = 1  m    δ m  (  S  i m   × A S C )   +   ∑  m = 1  m    θ m  (  S  i m   ×  Z n  )     



(3)




where ASC is the alternative specific constant, capturing changes of utility from any other features not included in the choice attributes;     β  m h r      is the coefficient of variable    M T  R  i j      (manure eco-friendly treatment ratio);   n   is the number of policy attributes and the coefficient;     β n     is associated to the attribute vector (Z);   m   is the number of farmers socio-economic characteristics aimed to supply explanation for the choice of the policy alternative; and the coefficients     δ m     and     θ m     are parameters for interaction term vector that has impact on utility.     δ m     captures the influence of socio-economic characteristics variables on the probability that an individual will opt for the baseline situation. Therefore, significantly positive result indicates that the attribute generates a higher likelihood that participants will prefer the baseline alternative situation, whereas negative suggests a higher likelihood preferring to the improved options.     θ m     captures the influence of socio-economic characteristics variables on the probability that a respondent will opt for the policy attributes.




2.4.2. The Calculation of Marginal Substitution Ratio


The marginal substitution rate (MSR) stands for the tradeoff between the manure eco-friendly treatment ratio attribute and the other attributes. It is calculated as follows:


   M S R = −  β n  /  β  m h r     



(4)







It suggests how manure eco-friendly treatment ratio may be influenced by characteristics of policies. However, this method will cause a skewed distribution of MSR, thus it is calculated from two random variables in RPL model.



A widely used method to reduce the MSR bias is to specify the manure eco-friendly treatment ratio variable to be fixed. This will make MSR calculation more straightforward. However, by doing so, it is assumed that farmers have homogeneous preferences for manure eco-friendly treatment, which is unrealistic. Recently, there has been growing interest in using WTP space method to calculate more stable MSR estimates [27]. This leads to adding the estimation for the distribution of MSR directly in the revised model where the coefficients can represent the MSR.



On the basis of Equation (2), the outcome attribute is separated from the vector of other attributes, i.e., assuming     β i   X  i j   =  α i  M T  R  i j   +  b i   Z  i j     , where    M T  R  i j      denotes the outcome attribute (manure eco-friendly treatment ratio) and     Z  i j      denotes other attribute vector.     α i     and     b i     denote individual coefficients related to the outcome attribute and the other attributes. The associated utility for farmer   i   choosing alternative   j   is:


    U  i j   =  α i  M T  R  i j   +  b i   Z  i j     +  ε  i j     



(5)




    ε  i j      is a random error term. It is assumed that     ε  i j      is extreme value distributed with a variance of     μ i 2  (  ∏ 2  / 6 )   , where     μ i     is an individual-specific scale parameter. Train and Weeks [27] illustrated that dividing Equation (5) by     μ i     would not affect behavior and results in a new error term which is i.i.d. extreme value distributed with variance equal to     ∏ 2  / 6   :


    U  i j   =  λ i  M T  R  i j   +  c i   Z  i j     +  ε  i j     



(6)




where     λ i  =  α i  /  μ i     and     c i  =  b i  /  μ i    . It is named the model in preference space by Train and Weeks [27]. Using the fact that the MSR for a given attribute is obtained through the ratio     γ i  =  c i  /  λ i  =  b i  /  α i    , Equation (6) can be rewritten as:


    U  i j   =  λ i  [ M T  R  i j   +  γ i   Z  i j   ] +  ε  i j     



(7)




which is the model in WTP space according to Train and Weeks [27]. Equations (6) and (7) similarly demonstrate individuals’ behaviors. In the model in WTP space, unrealistic skewed distributions would be avoided via directly specifying the distribution of the WTP parameter     γ i     since     γ i  =  b i  /  α i    . The coefficients in the preference space and WTP space models can be estimated by using maximum simulated likelihood or hierarchical Bayesian methods [28]. The estimation was conducted by using the “gmnl” package with STATA 13 [29], following Thiene and Scarpa [30].






3. Data and Description Statistics


3.1. Data Collection


After pre-testing, the final CE survey was carried out between August and October 2014 through in-person interviews with pig farmers in rural China. Farmers were interviewed with the help of trained enumerators. We used a multi-stage sampling approach to identify our survey sample. Firstly, five provinces in China were chosen as primary sampling provinces from a total of 31 provinces following a stratified sampling proportional to pork production: Jiangsu, Fujian, Shandong, Sichuan and Jiangxi. These five sampled provinces accounted for 28% of Chinese pork production in 2014. In the second stage, three counties located in each of the sampled provinces were selected as secondary sampling units according to the industrial output per capita. The reason we choose to identify our sample based on the industrial output per capita is that we want to select counties that represent different development standards. Pig breeding characteristic and pig farmers’ demand for livestock pollution policies will vary in different development standard counties and industrial output per capita is a preferred indictor of development standard than net rural per capita income [31]. Third, three villages located in each of the sampled counties were selected based on industrial output per capita. Fourth, we decided the sample size of pig farmers in each village proportionally to the total pig breeding number in that village. Thus, the number of pig farmers per village is not the same, which ranged from ten to twenty-five. The relative amount of pork production is higher in Sichuan Province (9.3 percent) and Shandong Province (7.2 percent), thus, the relative amount of sampled pig farmers of these two provinces are higher than the other three sampled provinces (with sample proportions ranging from 14.9 percent to 20.4 percent). Finally, 800 pig farmers complete the CE survey. We dropped the following 46 pig farmers: 14 farmers who rejected to answer the CE cards, 14 farmers chose the baseline alternative option constantly regardless of the alternative policies suggested and 18 farmers who did not finish the CE survey. Consequently, 754 pig farmers were used for our analysis. Figure 2 presented the location of the sampled provinces and their pork production and the number of sampled pig farmers in each province.



The questionnaire consisted of three parts. Firstly, socio-economic information of pig farmers such as household head’ gender, age, education years and sown area were collected. This was followed in the second part with questions focusing on farmers’ knowledge, perceptions and attitudes regarding livestock pollution. The third part of consisted of the CE.



CE is not a regular household survey for farmers, and it is very difficult to understand. One concern with using CE was whether poorly educated pig farmers would be able to make repeated choices with six attributes. We explained each attribute and attribute level in detail before the pig farmers took the survey, and we conducted a warm-up choice task before the 4 choice tasks to make sure that they understood the exercise well enough.




3.2. Statistical Analysis of Sample Pig Farmers


Variable definitions and socio-demographic characteristics across the three farm scales are listed in Table 2. The significant difference test indicates that there exists apparent dissimilarity in almost all socio-demographic characteristics across the three scales (except for Fscale). Pig farmers had an average age of 47.551; the age of larger-scale farmers was relatively younger. Most pig farmers had an average education of 6–9 years and the education years of larger-scale farms are higher. Approximately 65% of pig farmers identified that livestock pollution has “nearly no” or “little” ecological damages. However, large-scale farmers had a higher recognition that livestock pollution will have serious ecological damages. The pig farmers’ average knowledge on livestock pollution control policy instruments was low, and the knowledge of larger-scale farmers was relatively higher. We found a general trend toward higher knowledge on livestock pollution control policy instruments with an increasing farming scale. The willingness to treat manure in an eco-friendly way of medium-scale farms was the highest. The reason for this phenomenon may be that the amount of manure generated by household-scale farms is relatively small and they have enough farmland to absorb the generated manure. Large-scale farms can obtain financial support more easily from the government because of their contribution to the local economy and thus they have more money and capacity to take up environmentally friendly manure treatment technologies. Nevertheless, medium-scale farms have less government subsidies and lack adequate investment capital to use modern technologies for environmentally friendly manure treatment; they also lack enough farmland to absorb the relatively greater amount of generated manure compared with household-scale farms [8].




3.3. Livestock Manure Treatment Technologies in Three Farm Scales


Discharge, return to land without treatment, biogas, organic fertilizer and sale are the five main treatment technologies of livestock manure in China. Discharge technology refers to that manure is directly abandoned; return to land without treatment technology refers to that manure directly utilized as fertilizer without treatment; biogas technology means that manure is employed to generate biogas; organic fertilizer technology means that manure is stored to produce organic fertilizer and sale technology means that manure is sold to other farmers or agricultural factories to manufacture fertilizer. In this paper, the manure eco-friendly treatment technologies are referred to manure that treated with biogas, organic fertilizer and sale technologies which will cause less damage to the environment compared with the other two treatment technologies.



The distribution of livestock manure treatment technologies across the three farm scales is shown in Figure 3. While the farm scale increased, the likelihood of farmers to choose manure eco-friendly treatment technologies is higher. In total, 41.36% of large-scale farms and 32.81% of medium-scale farms used manure for biogas production. However, only 12.10% of household-scale farms used manure for biogas production. Manure for sale and organic fertilizer were also higher on large-scale and medium-scale farms. Meanwhile, although Chinese government forbids the directly abandonment of manure, many farmers still choose the discharge technology to treat manure. The proportion of discharged manure was 22.31%, 14.23% and 8.15% in household-scale, medium-scale, and large-scale farms, respectively. Manure that was returned to the land was lower in large-scale and medium-scale farms. Household-scale farms returned most of the manure (56.23%) to the land.





4. Results and Discussion


4.1. RPL Estimation Results


Table 3 shows the estimation results of the RPL models conducted with Stata 13. The variable manure eco-friendly treatment ratio is estimated using a fixed distribution, while the other variables are specified as random parameters which are assumed to be uniformly distributed. Simulations are based on a 500 Halton draws.



The models have a decent goodness of fit for all farm scales by the conventional standards with an estimated Pseudo-R2 of 0.3215, 0.3146 and 0.3087, respectively [32]. The sign and significance of the ASC is negative in all of the three scales. ASC is a dummy variable that equals to 0 if farmers preferred option A or option B and 1 otherwise [33]. It represents the likelihood of farmers’ choice for not comply with one of the two improved livestock pollution control policy options. The statistically negative sign of this variable suggests that farmers, all else being constant, are willing to change their current treatment behavior of manure. This indicated that farmers have a preference for a situation move away from their current livestock pollution management [24]. Just as the statistical description section stated, most pig farmers had a high willingness to treat the livestock pollution with eco-friendly technologies. The policy outcome variable manure eco-friendly treatment ratio has a highly negative influence on farmers’ choice behavior in all three scales. That is, if farmers increase their manure eco-friendly treatment ratio, their utility will decrease. This is consistent with the rational agent assumption. To deal with manure in an eco-friendly way, farmers need to install new treatment equipment, which are often costly and will have sunk costs. In addition, risk aversion of the costs and benefits has also decreased the utility of manure eco-friendly treatment.



For household-scale farms, the coefficients of biogas subsidy, manure price, medium information provisioning and high information provisioning attributes all have a significantly positive impact on their choice behavior. This indicated that if household-scale farms were offered more biogas subsidy, received higher manure price and obtained more medium information provisioning and high information provisioning, then they tend to choose the livestock pollution control policy instruments including these characteristics. However, contrary to our expectations, technology regulation and pollution charge appeared to have no significant influence on household-scale farms’ choice behavior. This result is similar to the result obtained by Zheng et al. [7]. There are hundreds of millions of household-scale farms distributed in China. The pollution emission from the household-scale farms is highly dispersive, randomized and is difficult to supervise. For this reason, nowadays, the technology regulation policy and pollution charge policy only target at large-scale farms and was hardly implemented in household-scale farms. Therefore, the household-scale farms’ choice behavior was not influenced by technology regulation and pollution charge attributes. Four attributes, pollution charge, biogas subsidy, manure price and medium information provisioning, have highly significant standard deviations indicating that household-scale farms’ preferences for these four attributes are heterogeneous. In contrast, the high information provisioning attribute has an insignificant standard deviations coefficient but a significant mean coefficient suggesting that there is no heterogeneous preference for high information provisioning attribute of household-scale farms, i.e., all household-scale farms consider high information provisioning is necessary for increasing their manure eco-friendly treatment ratio. The coefficients of an interaction of ASC with Education and ASC with Fscale were statistically significant. Farmers who received more education have higher capacity to understand manure eco-friendly treatment technologies and are more aware of the costs and benefits relating to manure eco-friendly treatment. Thus, Education has a positive impact on household-scale farms’ choice of one of the improved policy alternatives. The likelihood of choosing the improved policy alternatives of household-scale farms with less sown area is lower. The interactions between Fscale, Willingness and biogas subsidy attribute, Education and manure price attribute, as well as the interactions between Attitude, Willingness and information provisioning attribute are positive. That is, household-scale farms with more sown area and higher willingness to treat manure in an eco-friendly way were more likely to choose the biogas subsidy policy. Farmers with higher education have a greater preference for the manure price policy. Household-scale farms with higher attitude toward negative environmental impacts of livestock pollution and higher willingness to treat manure in an eco-friendly way were more likely to choose the information provisioning policy.



For medium-scale farms, all of the attributes had significant and positive impacts on their choice behavior. This indicated that if medium-scale farms received higher technology regulation and pollution charge, received higher biogas subsidies, gained higher manure price and obtained more medium information provisioning and high information provisioning, then they would choose the livestock pollution control policy instruments including these characteristics. Five attributes, technology regulation, pollution charge, manure price, medium information provisioning and high information provisioning, have highly significant standard deviations indicating that medium-scale farms’ preferences for these five attributes are heterogeneous. In contrast, the biogas subsidy attribute has an insignificant standard deviations coefficient but a significant mean coefficient suggesting that there is no heterogeneous preference for biogas subsidy attribute of medium-scale farms, i.e., all medium-scale farms consider biogas subsidy is necessary for increasing their manure eco-friendly treatment ratio. The coefficients of an interaction of ASC with Education, ASC with Attitude and ASC with Willingness were statistically significant. Medium-scale farms with more education, higher attitude toward negative environmental impacts of livestock pollution and higher willingness to treat manure in an eco-friendly way have higher probability to choose one of the improved policy alternatives. No significance was found amongst interactions between the technology regulation attribute and demographics, except for Fscale. That is, the less sown area the medium-scale farmers have, the more likely the farmers would choose the technology regulation policy. No significances were found for the coefficients of pollution charge attribute. The interactions among Fscale, Knowledge and biogas subsidy attribute, Willingness and medium information provisioning attribute as well as the interaction between Attitude and high information provisioning attribute are positive. That is, medium-scale farms with more sown area and higher knowledge on livestock pollution control policy instruments were more likely to choose the biogas subsidy policy. The higher the willingness to treat manure in an eco-friendly way, the more likely the medium-scale farmers are to choose the medium information provisioning policy. Medium-scale farms with higher attitude toward negative environmental impacts of livestock pollution were more likely to choose the high information provisioning policy. The interaction between Fscale and manure price is negative, indicating medium-scale farmers with less sown area were more likely to choose the manure price policy.



For large-scale farms, technology regulation, pollution charge, biogas subsidy, manure price and high information provisioning were significant factors in the farmers’ choice. This suggested that if large-scale farms received higher technology regulation and pollution charge, received higher biogas subsidies, gained higher manure price and obtained more high information provisioning, then they would choose the livestock pollution control policy instruments including these characteristics. Medium information provisioning appeared to have no significant influence on large-scale farms’ choice. The derived standard deviations of technology regulation, pollution charge, biogas subsidy and high information provisioning were significant, indicating that the preferences of these attributes do indeed vary significantly within the large-scale farms. The manure price attribute has an insignificant standard deviations coefficient but a significant mean coefficient which implies that the manure price is a necessary policy for large-scale farms. The coefficients of an interaction of ASC with Education, ASC with Knowledge and ASC with Willingness were statistically significant. Large-scale farms with more education, higher knowledge on livestock pollution control policy instruments and higher willingness to treat manure in an eco-friendly way have higher probability to choose one of the improved policy alternatives. The interactions among Knowledge and pollution charge attribute, Fscale, Knowledge and biogas subsidy attribute, Knowledge and manure price attribute as well as the interaction between Attitude and high information provisioning attribute are positive. That is, large-scale farms with higher knowledge on livestock pollution control policy instruments were more likely to choose the pollution charge, biogas subsidy and manure price policies. Large-scale farms with more sown area were more likely to choose the biogas subsidy policy. Large-scale farms having higher attitudes toward negative environmental impacts of livestock pollution showed higher preference for the high information provisioning policy. The interactions between Fscale and technology regulation as well as manure price are negative, indicating large-scale farmers with less sown area were more likely to choose the technology regulation and manure price policies.




4.2. MSR Results


Table 4 presents the MSR estimation results in preference space and WTP space of the RPL model in Table 3. In Table 4, the MSR distributions of all attributes are similar between the two estimation approaches. However, it is obvious that the MSR mean values estimated with preference space approach are much higher than the values estimated with WTP space approach. This is in accordance with the previous studies conducted by Sonnier et al. [34]. They also found that WTP space approach will obtain higher estimation results. Moreover, the standard deviations of MSR estimation results in preference space are much higher than the values estimated in WTP space. As stated in previous studies by Scarpa et al. [35] and Hole et al. [36], lower standard deviations indicating more precise MSR estimation. For this reason, we explain the MSR estimation results in Table 4 based on the WTP space approach.



The rankings of the mean values of MSR estimation are significantly different across the three farm scales. The policy preference ranking of household-scale farms are as follows: biogas subsidy policy, high information provisioning policy, medium information provisioning policy, manure price policy, pollution charge policy and technology regulation policy. The policy preference ranking of medium-scale farms are as follows: biogas subsidy policy, manure price policy, high information provisioning policy, technology regulation policy, medium information provisioning policy and pollution charge policy. The policy preference ranking of large-scale farms are as follows: manure price policy, biogas subsidy policy, technology regulation policy, pollution charge policy, high information provisioning policy and medium information provisioning policy.



Besides significant differences in the policy preference ranking across the three farm scales, the mean values of MSR estimation also showed obvious heterogeneity. The mean values of MSR estimation are the lowest in household-scale farms under all policy instruments, and are the highest in medium-scale farms under all policy instruments. This indicates that by offering policy instruments, medium-scale farms will increase their manure eco-friendly treatment ratio more than the other farms.



Medium-scale farms and large-scale farms had a higher preference for the technology regulation policy. However, household-scale farms’ preference for this policy was relatively low. If technology regulation exists, then the manure eco-friendly treatment ratio of medium-scale farms and large-scale farms will increase 7.19% and 4.33%, respectively. However, the manure eco-friendly treatment ratio of household-scale farms will increase only 1.35%. The reason for this low increment may be that the pollution emission from the household-scale farms, which have a scattered distribution in China, is highly dispersive, randomized and is difficult to supervise. Thus, the technology regulation is only target at medium-scale farms and large-scale farms in China. For example, the technical standard of livestock pollution control issued by State Environmental Protection Administration set specific regulations only for medium-scale farms and large-scale animal farms.



All three scale farms had a low preference for the pollution charge policy. The manure eco-friendly treatment ratio across the three farm scales will increase 2.13%–3.64% with the pollution charge policy. The pollution charge is assumed to have a high impact on farmers’ choice behavior. This assumption is made on the basis that farmers will encounter a high penalty if they do not treat livestock manure in an eco-friendly way. However, opposite to our assumption, the impact of pollution charge policy on the enhancement of manure eco-friendly treatment ratio is very low. There are several reasons for this. First, just as we stated earlier, the pollution charge policy in China is mainly target at large-scale farms. However, large-scale farms are usually protected by the local government because of their contribution to the local economy. In many areas of China, large-scale farms will not be penalized if they do not treat livestock manure in an eco-friendly way [37]. In addition, even if there were pollution charges, the current pollution charges in China are about 33.6–60 Yuan/head/year, which are very low compared to the costs of manure eco-friendly treatment. Therefore, many livestock farmers would likely pay the penalty by choosing not to treat livestock manure in an eco-friendly way [38].



All three scale farms had a high preference for the biogas subsidy policy. With a biogas subsidy policy, farmers will get financial support from government to install biogas digesters which will lower the cost of manure eco-friendly treatment [3]. The impact of the biogas subsidy policy on the enhancement of manure eco-friendly treatment ratio is extremely higher for medium-scale farms. The manure eco-friendly treatment ratio of medium-scale farms will increase by 11.36% if a biogas subsidy is provided compared to 4.95% and 6.65% in household-scale and large-scale farms, respectively. A possible reason for this is that medium-scale farms usually have less government subsidies and lack adequate investment capital to use modern technologies to treat livestock manure in an eco-friendly way. This result is consistent with Zheng et al. [8] who also found the main barriers for eco-friendly manure treatment technology adoption by medium-scale farms focused on economic disadvantages.



Medium-scale farms and large-scale farms showed a higher preference for the manure price policy, but household-scale farms’ preference for this policy was relatively low. If a manure price exists, then the manure eco-friendly treatment ratio of medium-scale farms and large-scale farms will increase by 9.45% and 7.43%, respectively. However, the manure eco-friendly treatment ratio of household-scale farms will increase by only 2.32%. A possible reason for this is that the livestock emissions from household-scale farms were less than medium-scale and large-scale farms, and the economic profitability from selling manure is limited. Thus, most household-scale farms dislike the choice of selling manure.



Household-scale farms and medium-scale farms had a higher preference for the information provisioning policy, but large-scale farms’ preference for this policy was relatively low. The manure eco-friendly treatment ratio of large- scale farms will increase by only 0.85% if medium information provisioning is received, compared to 5.47% and 3.11% in medium-scale and household-scale farms, respectively. The manure eco-friendly treatment ratio of large-scale farms will increase by only 1.85% if high information provisioning is received compared to 8.76% and 3.84% in medium-scale and household-scale farms, respectively. The Chinese agricultural extension system has been reformed since the end of the 20th century, which has resulted in few promotion funds for agricultural extension. Consequently, the quality of promotion staff is low. The main workers have no qualified education or training. Previous investigation shows that only 10% of the system workers had a bachelor’s degree and 46% of the staff does not receive any training [39]. Additionally, the trained workers also do not update their knowledge and skills and cannot meet the demand of the promotion system. Meanwhile, due to higher education levels and other factors, large-scale farms’ knowledge on manure eco-friendly treatment technology is higher than household-scale and medium-scale farms, yet farmers reported that the promotion staff cannot provide enough technical support.





5. Conclusions


Livestock farmers’ preference is important in determining the effectiveness of policy instruments in China. However, researchers and policy makers seem to neglect a key issue: pinpoint policies are the most important, which means that niche targeting should be the premise of any policy design. The diversity of livestock farmers is inevitable, and the Chinese government should take this diversity into consideration and implement customized policies according to farmers’ needs. This paper makes a contribution in that the author accessed the preference and valuation of livestock pollution control policy instruments among household-scale, medium-scale and large-scale farms. A CE was conducted in five provinces of China. The attributes of the livestock pollution control policy instruments that were considered included technology regulation, pollution charge, biogas subsidy, manure price, and information provisioning.



Findings support that farmers’ preference and valuation for livestock pollution control policy instruments exhibits remarkable heterogeneity within the three scales of household-scale, medium-scale and large-scale farms. First, all the policies had significant impacts on medium-scale farms’ choice behavior. Technology regulation policy and pollution charge policy appeared to have no significant influence on household-scale farms’ choice behavior, and medium information provisioning policy has no significant influence on large-scale farms’ choice behavior. Second, household-scale farms and medium-scale farms had the highest preference for the biogas subsidy policy, and large-scale farms had the highest preference for the manure price policy. Third, the enhancement of manure eco-friendly treatment ratio was the lowest in household-scale farms under all policy instruments, and it was the highest in medium-scale farms.



This study has important policy implications. First, the government should adopt diverse policies on the basis of various targeted farmers. For household-scale farms, perfecting the biogas subsidy policy and providing more technical information on how to deal with the livestock manure in an eco-friendly way are effective ways to mitigate pollution. Meanwhile, due to the fact that the enhancement of manure eco-friendly treatment ratio is the lowest in household-scale farms under all policy instruments, cutting down the breeding amount is a primary way to reducing livestock pollution emission in household-scale farms. For medium-scale farms, all policy instruments are effective in increasing the manure eco-friendly treatment ratio. In recent years, the Chinese government has been encouraging household-scale farms to become medium-scale farms by enlarging the breeding scale. Consequently, medium-scale farms in China have developed rapidly. It is extremely critical to encourage medium-scale farms to treat the livestock manure in an eco-friendly way for environmental management in rural areas. Our results show that the biogas subsidy policy and the manure price policy have the highest impact on medium-scale farms’ manure eco-friendly treatment behavior. For large-scale farms, perfecting the biogas subsidy policy and expanding the manure price are effective ways to mitigate pollution. In addition, more information in eco-friendly technologies should be provided to farmers.



Nonetheless, our study has some limitations that should be acknowledged. First, a cost-benefit analysis should be carried out in future studies. An effective livestock pollution control policy should not only take account of farmers’ preference, but should also consider the financial cost associated with different policies. Second, this paper has not deal with the attribute non-attendance problem in CE. Attribute non-attendance means that individuals will ignore some attributes when doing the CE survey [40]. Nowadays, a growing body of literature has discussed the attribute non-attendance problem. Most of the previous studies showed that the CE results will be biased if the analyst did not deal with the attribute non-attendance problem, however, not all studies hold the same view [40,41]. A stated non-attendance(SNA) method (Hensher et al. [42], Carlsson et al. [43] and Chalak et al. [44]) or an inferred non-attendance (INA) method (Hess et al. [45] and Hensher et al. [46]) can be used to identify attribute non-attendance.
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Figure 1. Example of a choice set. 
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Figure 2. Sample location and distribution. 
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Figure 3. Livestock manure treatment technologies in three farm scales. 
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Table 1. Attributes and levels used in the choice set design.
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Attributes

	
Description

	
Levels

	
Justification






	
Technology regulation

	
Demands for farmers to adopt special criteria to treat livestock pollution

	
Yes

No

	
Technical standard of livestock pollution control issued by State Environmental Protection Administration (HJ/T 81-2001)




	
Pollution charge

	
Payment for livestock pollution emission that exceeds the pollution standard

	
No pollution charge

33.6 Yuan/head/year

60 Yuan/head/year

120 Yuan/head/year

	
Regulations on the Collection and Use of Pollution Discharge Fee (No. 369 policy paper issued by state council)




	
Biogas subsidy

	
Subsidies provided to farmers who use biogas infrastructure

	
No biogas subsidy

1000 Yuan/household

1500 Yuan/household

2000 Yuan/household

	
Literature Sun et al. [21]




	
Manure price

	
Price of manure in the market

	
No price

100 Yuan/ton

150 Yuan/ton

	
Literature Zheng et al. [7]




	
Information provisioning

	
Government provides information about pollution control technologies to farmers

	
No information provisioning

Medium information provisioning

High information provisioning

	
Research assumption




	
Manure eco-friendlytreatment ratio

	
Changes in manure eco-friendly treatment ratio

	
Increase 0%

Increase 5%

Increase 15%

	
Expert consultation and literature SAIN [5]
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Table 2. Socio-demographic statistics across scale groups.
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Variable

	
Definition

	
Total

	
Household Scale

	
Medium Scale

	
Large Scale

	
Difference Significance






	
Male

	
Household head’gender 1 = male, 0 = female

	
0.763

	
0.713

	
0.737

	
0.718

	
0.271




	
Age

	
Household head’ age in 2013

	
46.244

	
47.552

	
44.234

	
41.125

	
0.00 ***




	
Education

	
Household head’ education years in 2013

	
8.671

	
7.892

	
8.981

	
10.346

	
0.004 ***




	
Fscale

	
Sown area in 2013, Ha/person

	
0.080

	
0.081

	
0.082

	
0.083

	
0.434




	
Attitude

	
Attitude towards negative environmental impacts of livestock pollution, 1 = don’t know; 2 = nearly no negative impact, 3 = little negative impact, 4 = less serious negative impact, 5 = serious negative impact

	
2.873

	
2.755

	
3.228

	
3.465

	
0.034 **




	
Knowledge

	
Knowledge on livestock pollution control policy instruments, 1 = never heard of; 2 = occasionally heard of; 3 = basic understanding; 4 = full knowledge

	
2.301

	
2.243

	
2.624

	
2.633

	
0.058 *




	
Willingness

	
Willingness to treatmanure in an eco-friendly way, 1 = yes; 0 = no

	
0.826

	
0.775

	
0.886

	
0.816

	
0.042 **








Note: * Denotes significance at the 10% level; ** denotes significance at the 5% level; and *** denotes significance at the 1% level.
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Table 3. RPL estimations for the three farm scales.
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Variables

	
Household Scale

	
Medium Scale

	
Large Scale




	
Coefficient

	
Standard Error

	
Coefficient

	
Standard Error

	
Coefficient

	
Standard Error






	
Mean values




	
ASC

	
1.302 **

	
0.523

	
2.089 **

	
1.023

	
1.275 **

	
0.522




	
Technology regulation

	
0.089

	
0.143

	
0.697 ***

	
0.234

	
0.415 *

	
0.209




	
Pollution charge

	
0.132

	
0.126

	
0.425 **

	
0.162

	
0.318 **

	
0.124




	
Biogas subsidy

	
0.326 ***

	
0.121

	
1.203 ***

	
0.343

	
0.608 ***

	
0.223




	
Manure price

	
0.163 **

	
0.073

	
0.997 ***

	
0.265

	
0.716 **

	
0.308




	
Medium information provisioning

	
0.195 **

	
0.083

	
0.554 **

	
0.211

	
0.089

	
0.072




	
High information provisioning

	
0.232 **

	
0.112

	
0.793 ***

	
0.242

	
0.181 ***

	
0.064




	
Manure eco-friendly treatment ratio

	
−0.053 **

	
0.022

	
−0.073 **

	
0.033

	
−0.081 **

	
0.032




	
Standard deviations




	
Technology regulation

	
0.232

	
0.314

	
1.543 ***

	
0.521

	
0.875 **

	
0.329




	
Pollution charge

	
0.278 **

	
0.121

	
1.154 ***

	
0.425

	
0.632 **

	
0.291




	
Biogas subsidy

	
0.523 **

	
0.221

	
1.123

	
0.913

	
0.984 ***

	
0.329




	
Manure price

	
0.357 ***

	
0.113

	
2.214 ***

	
0.762

	
0.625

	
0.469




	
Medium information provisioning

	
0.654 **

	
0.258

	
0.121 **

	
0.047

	
0.321

	
0.195




	
High information provisioning

	
0.346

	
0.792

	
1.458 **

	
0.622

	
0.543 **

	
0.244




	
Covariates (socio-economic variables)




	
ASC × Male

	
−0.072

	
0.135

	
0.049

	
0.213

	
−0.065

	
0.092




	
ASC × Age

	
0.024

	
0.092

	
0.019

	
0.017

	
−0.026

	
0.126




	
ASC × Education

	
−0.043 ***

	
0.015

	
−0.056 **

	
0.022

	
−0.034 **

	
0.0136




	
ASC × Fscale

	
0.018 **

	
0.009

	
0.023

	
0.031

	
−0.027

	
0.094




	
ASC × Attitude

	
−0.016

	
0.014

	
−0.024 **

	
0.012

	
−0.021

	
0.054




	
ASC × Knowledge

	
−0.025

	
0.033

	
−0.018

	
0.052

	
−0.033 **

	
0.014




	
ASC × Willingness

	
−0.026

	
0.019

	
−0.045 ***

	
0.015

	
−0.036 **

	
0.014




	
Technology regulation × Male

	
0.015

	
0.016

	
0.011

	
0.008

	
−0.023

	
0.019




	
Technology regulation × Age

	
−0.003

	
0.007

	
−0.006

	
−0.005

	
−0.008

	
0.007




	
Technology regulation × Education

	
0.121

	
0.165

	
0.098

	
0.654

	
0.076

	
0.043




	
Technology regulation × Fscale

	
−0.204

	
0.142

	
−0.143 **

	
0.064

	
−0.253 ***

	
0.087




	
Technology regulation × Attitude

	
0.032

	
0.061

	
0.025

	
0.032

	
0.043

	
0.027




	
Technology regulation × Knowledge

	
−0.025

	
0.016

	
−0.031

	
0.026

	
−0.027

	
0.048




	
Technology regulation × Willingness

	
−0.042

	
0.025

	
−0.064

	
0.042

	
−0.096

	
0.064




	
Pollution charge × Male

	
0.008

	
0.007

	
0.012

	
0.015

	
0.016

	
0.013




	
Pollution charge × Age

	
−0.004

	
0.003

	
−0.006

	
0.007

	
−0.009

	
0.008




	
Pollution charge × Education

	
0.076

	
0.053

	
0.046

	
0.028

	
0.054

	
0.035




	
Pollution charge × Fscale

	
0.065

	
0.049

	
0.023

	
0.019

	
0.082

	
0.051




	
Pollution charge × Attitude

	
0.124

	
0.076

	
0.096

	
0.052

	
0.108

	
0.065




	
Pollution charge × Knowledge

	
0.308

	
0.186

	
0.287

	
0.198

	
0.223 ***

	
0.073




	
Pollution charge × Willingness

	
0.087

	
0.065

	
0.052

	
0.035

	
0.154

	
0.096




	
Biogas subsidy × Male

	
0.021

	
0.018

	
0.015

	
0.012

	
0.018

	
0.014




	
Biogas subsidy × Age

	
0.006

	
0.004

	
0.008

	
0.007

	
0.007

	
0.005




	
Biogas subsidy × Education

	
0.008

	
0.006

	
0.012

	
0.009

	
0.015

	
0.012




	
Biogas subsidy × Fscale

	
0.123 **

	
0.056

	
0.206 ***

	
0.077

	
0.217 **

	
0.082




	
Biogas subsidy × Attitude

	
0.032

	
0.021

	
0.045

	
0.031

	
0.053

	
0.037




	
Biogas subsidy × Knowledge

	
0.042

	
0.026

	
0.076 *

	
0.043

	
0.085 **

	
0.041




	
Biogas subsidy × Willingness

	
0.054 **

	
0.023

	
0.036

	
0.028

	
0.114

	
0.098




	
Manure price × Male

	
0.013

	
0.009

	
0.022

	
0.018

	
0.034

	
0.028




	
Manure price × Age

	
0.005

	
0.004

	
0.008

	
0.006

	
0.009

	
0.007




	
Manure price × Education

	
0.031 **

	
0.013

	
0.042

	
0.029

	
0.028

	
0.021




	
Manure price × Fscale

	
−0.027

	
0.018

	
−0.056 **

	
0.028

	
−0.083 **

	
0.041




	
Manure price × Attitude

	
0.207

	
0.184

	
0.097

	
0.065

	
0.174

	
0.108




	
Manure price × Knowledge

	
0.185

	
0.176

	
0.065

	
0.043

	
0.046 **

	
0.021




	
Manure price × Willingness

	
0.036

	
0.043

	
0.078

	
0.049

	
0.054

	
0.033




	
Medium information provisioning × Male

	
0.035

	
0.027

	
0.026

	
0.016

	
0.018

	
0.011




	
Medium information provisioning × Age

	
0.008

	
0.005

	
0.005

	
0.004

	
0.004

	
0.003




	
Medium information provisioning × Education

	
0.036

	
0.026

	
0.046

	
0.031

	
0.304

	
0.198




	
Medium information provisioning × Fscale

	
0.054

	
0.035

	
0.087

	
0.054

	
0.065

	
0.043




	
Medium information provisioning × Attitude

	
0.021 **

	
0.008

	
0.096

	
0.058

	
0.185

	
0.124




	
Medium information provisioning × Knowledge

	
0.044

	
0.027

	
0.104

	
0.076

	
0.075

	
0.064




	
Medium information provisioning × Willingness

	
0.052 **

	
0.026

	
0.133 **

	
0.063

	
0.087

	
0.054




	
High information provisioning × Male

	
0.016

	
0.011

	
0.012

	
0.009

	
0.024

	
0.019




	
High information provisioning × Age

	
0.108

	
0.082

	
0.005

	
0.004

	
0.008

	
0.005




	
High information provisioning × Education

	
0.027

	
0.019

	
0.065

	
0.041

	
0.055

	
0.036




	
High information provisioning × Fscale

	
0.045

	
0.028

	
0.106

	
0.069

	
0.041

	
0.028




	
High information provisioning × Attitude

	
0.056 **

	
0.027

	
0.076 **

	
0.035

	
0.092 **

	
0.042




	
High information provisioning × Knowledge

	
0.042

	
0.029

	
0.049

	
0.032

	
0.084

	
0.054




	
High information provisioning × Willingness

	
0.038 **

	
0.018

	
0.073

	
0.045

	
0.042

	
0.027




	
Log likelihood

	
−3067.2

	
−3132.8

	
−3245.6




	
Prob > chi2

	
0.0000

	
0.0000

	
0.0000




	
Pseudo-R2

	
0.3215

	
0.3146

	
0.3087








Note: * denotes significance at the 10% level; ** denotes significance at the 5% level; and *** denotes significance at the 1% level.
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Table 4. MSR results for the three farm scales.







Table 4. MSR results for the three farm scales.







	
Method

	
Attributes

	
Household Scale

	
Medium Scale

	
Large Scale




	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD






	
Preference space

	
Technology regulation

	
1.88%

	
0.83%

	
8.42%

	
2.17%

	
5.41%

	
1.21%




	
Pollution charge

	
2.42%

	
0.98%

	
5.15%

	
1.45%

	
4.09%

	
0.87%




	
Biogas subsidy

	
6.13%

	
2.34%

	
13.74%

	
3.54%

	
7.76%

	
2.03%




	
Manure price

	
3.12%

	
1.06%

	
12.10%

	
2.60%

	
9.25%

	
1.89%




	
Medium information provisioning

	
3.80%

	
1.77%

	
6.64%

	
1.76%

	
1.18%

	
0.21%




	
High information provisioning

	
4.47%

	
1.89%

	
9.58%

	
2.43%

	
2.28%

	
0.76%




	
WTP space

	
Technology regulation

	
1.35%

	
0.44%

	
7.19%

	
1.05%

	
4.33%

	
0.65%




	
Pollution charge

	
2.13%

	
0.58%

	
3.64%

	
0.76%

	
2.96%

	
0.48%




	
Biogas subsidy

	
4.95%

	
1.65%

	
11.36%

	
2.13%

	
6.65%

	
1.21%




	
Manure price

	
2.32%

	
0.74%

	
9.45%

	
1.65%

	
7.43%

	
0.82%




	
Medium information provisioning

	
3.11%

	
0.89%

	
5.47%

	
0.87%

	
0.85%

	
0.12%




	
High information provisioning

	
3.84%

	
1.23%

	
8.76%

	
1.54%

	
1.85%

	
0.26%
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