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Highlights
· Farmer’s likely adoption of perennial energy crops is surveyed 
· A causal-relationship structure is identified from the survey data
· Economic factors are found to have the highest priority as the driver of land-use decisions 
· Four types of farmers with different responses to land-use factors are classified 



Abstract
[bookmark: _Hlk66887823]The success of a bioenergy policy relies largely on the wide adoption of perennial energy crops at the farm-scale. This study uses survey data to examine potential adoption decisions by farmers in the US Midwest and the causal effect of various direct and indirect influencing factors and heterogeneous preferences of farmers. A Bayesian network (BN) model is developed to delineate the causal-relationship between farmers adoption decisions and the various factors influencing them. We find a dominating role of economic factors and a non-negligible impact of non-economic factors, such as the perceived environmental benefits and extent of familiarity with perennial energy crops. To examine the effect of heterogeneity in farmer preferences, we classify the surveyed farmers into four categories based on their attitudes toward the economic, social, and environmental dimensions of perennial energy crops. We identify statistically significant between-group differences in the responses of the four types of farmers to various influencing factors. Our findings contribute to disentangling the complicated motivations that will influence perennial energy crop adoption decisions and provide implications for more targeted policy development that considers the heterogeneous drivers of farmer decisions about land use.  
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1. Introduction
Biofuels from biomass are expected to play an increasingly important role in meeting the growing global energy demand in a sustainable manner. Among the different types of biofuels, cellulosic biofuels that use dedicated energy crops such as perennial grasses as feedstocks are especially promising. Compared to conventional grain-based biofuels, cellulosic biofuels have lower life-cycle greenhouse gas (GHG) emissions, lower water quality impacts, and are likely to compete less with food crop production [1–4]. The Renewable Fuel Standard (RFS) in the United States (US) aimed to promote the production of 36 billion gallons of biofuel each year, of which 16 billion gallons was to be produced from cellulosic feedstocks, by the year 2022 [5]. Despite the government mandate, cellulosic biofuel production has lagged behind. In 2019, the total cellulosic biofuel production in the US was 0.42 billion gallons, far below 8.5 billion gallons [6], the statutory production under the RFS.
Accelerating cellulosic biofuel production requires efforts from multiple stakeholders, e.g., farmers/producers, biorefineries, local communities, government and non-government organizations, and consumers [7]. One of the key challenges is inducing a change in land use from the current food-crop dominated land use to one with a diversified crop pattern including perennial energy crops. To facilitate this transition we need improved understanding of the drivers of farmers land-use decisions, especially those relating to perennial energy crop adoption. Based on economic theories and analyses, previous studies have shown that adoption of perennial energy crops could be affected by the profitability and risks of these crops, farmer attitudes toward risks and potential losses, the availability of risk mitigation tools such as insurances and cost-share subsidies and other factors[8–10], . 
There are a few studies using surveys to examine empirical evidence of the drivers of farmer decisions to adopt perennial energy crops. These studies show that adoption will be affected not only by economic factors but also by social and environmental factors [11–13]. For example, Khanna et al. [14] surveyed farmers willingness to adopt energy crops under different contract conditions using a choice experiment approach. Their results suggest that farmers are more willing to allocate land for energy crop production if they have low discount rates and if the energy crops have low upfront establishment costs and do not require additional crop-specific investment. Based on a survey of lower Michigan farmers, Skevas et al. [15,16] classified farmers into four types based on their attitudes toward energy crops and included the classified farmer types in their probit model to explain farmer willingness to adopt energy crops. Their model suggests farmer decisions are affected by the marginal land rent rate, farmer typology, and farmers concerns about planting energy crops. Other influencing factors identified in previous survey studies include expected return of perennial energy crop, contract by biorefinery, contract length, farmland ownership, and education level [11,13,14,17,18]. 
While previous studies identify the factors that affect farmers adoption of perennial energy crops, they provide limited understanding of how and why these factors have an impact. We hypothesize that farmers land-use decisions follow a hierarchical causal-relationship structure, via which farmers preferences affect their decisions directly or indirectly through the mediation of some intermediate variables such as awareness and attitude [19,20]. Without appropriate characterization of the causal-relationship structure, understanding of the impact of various factors on farmers’ perennial energy crop adoption can be distorted [19,21,22]. The causal-relationship embedded in the data might be affected by collinearity when using traditional algorithms such as mixed logit regression or probit model, and this can lead to biased parameter estimations and confounded model structures [23,24].
In addition, previous studies on farm-scale biofuel crop adoption have largely overlooked farmers heterogeneous sensitivities to incentives that are usually identified in other agricultural decision analyses [25–27]. Multiple studies have successfully classified farmers into distinctive groups based on their socio-economic background [18,28] and attitudes toward bioenergy crops [16,29]. But according to our knowledge, only one study, Fewell et al. [18], has attempted to use a latent class model to identify the distinct sensitivities of two types (crop farmer and farmer–stockman, who has interests in both crop and livestock) of farmers to various incentives. There is still a significant lack of understanding of how the heterogeneity among farmers, with respect to not only the economic aspects but also the aspects related to their social and environmental concerns (e.g., attitudes toward environment) and their personal identities (e.g., education level and source of information), could make a difference in their perennial energy crop adoption decisions. Such a knowledge gap presents a barrier to the design of more targeted policies to induce adoption.
In this study, we design a survey to understand the socio-economic drivers of US Midwestern farmers’ perennial energy crop adoption decisions. Using the survey responses as well as empirical justification and validated theories, we develop a Bayesian Network (BN) model to represent the causal-relationship structure for the way various factors affect the willingness of farmers to adopt perennial energy crops. Following that, we classify Midwestern farmers into different groups with distinct economic, social, and environmental considerations. Based on the derived causal-relationship structure and farmers’ heterogeneity classification, we address the following questions: i) what are the major factors (economic, social, environmental) that will influence adoption by different types of farmers with unique perspectives toward perennial bioenergy crops, and ii) what are the implications of these differences for the design of targeted policy development for perennial energy crop adoption?  
In the rest of this paper, we introduce the survey design and survey analysis methods in section 2, present the results of the BN model and farmers’ heterogeneous responses to various economic, social, and environmental factors in section 3, and conclude this paper with some final remarks and policy implications in section 4.
2. Methods
The procedures adopted in this paper are shown in Figure 1. After the design, distribution, and result collection of the survey (section 2.1), farmers’ response data are first used to develop a Bayesian Network (BN) model (section 2.2). The BN model identifies the causal-relationship structure for the mechanism by which various economic, social, and environmental factors impact farmers adoption of perennial energy crop. We then use the trained BN model to generate Monte Carlo samples for conditional probability inferencing and mutual information calculation; results from both indices represent the sensitivity of farmer decisions to individual influences of each factor (section 2.2). The survey data are also processed by the principal component analysis (PCA) to identify a set of lumped variables that simplify the representation of farmers attitudes toward various aspects of perennial energy crops (section 2.3). Finally, we cluster the surveyed farmers into distinctive types based on those lumped variables and combine the farmer typology with the BN model to identify if farmer sensitivities to incentives vary among different farmer types (section 2.3).
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Figure 1. Flow chart for identifying Midwestern farmers’ heterogeneous rule of perennial energy crop adoption
<Figure 1>
2.1 Farmer Survey 
The survey is designed for farmers in the Midwestern states that are expected to be major perennial energy crop producers in the US [30]. Because there are currently not many lands growing perennial energy crops in the Midwest, we take an alternative approach to ask farmer adoption decision preferences under various financial scenarios. The survey includes five sets of questions (Table 1) on: i) background information, ii) farmers’ communication with other stakeholders, iii) farmer behaviors, iv) perennial energy crops, and v) a set of scenarios designed to have farmer responses under the various financial conditions. Survey questions in the five categories are converted to variables shown in Table 1. We then label the variables into two types of codes: i) binary coding with ‘1’ for ‘no’ and ‘2’ for ‘yes’, and ii) ordinal coding starts from ‘1’ (most negative) to the total number of levels (most positive). 
In particular, for calculating info_use, we ask the farmers whether certain sources of information contribute to their land management objectives. In total, seven information sources are included in the survey: other farmers, farmers’ associations, government agencies, social media, farm media, academia, and industry. A farmer’s info_use is categorized as ‘low’, ‘medium’, or ‘high’ according to the rule specified in Table 1. There is a set of questions in the survey regarding farmer perceptions of  importance of six environmental issues [see Table S1 in the supporting information (SI) for the full list of environmental issues]. We ask the farmers to rate the importance of these environmental issues in 5 scales and convert their responses into 3 scales. We then take the average value of the six items as the imp_env variable in Table 1 and label it as not important (1-1.49), neutral (1.5-2.49), and important (2.5-3).
We include two more sets of questions in the survey regarding farmers’ agreement in 5 scales to claims relating to benefits and concerns of perennial energy crops (see Table S2 in the SI for a full list of claims about perennial energy crops). Again, we convert the responses into 3 scales and calculate the average values of the two sets of questions into the variables benefit and concern in Table 1, which are labeled as disagree (1-1.49), neutral (1.5-2.49), and agree (2.5-3). In order to identify the impacts of economic, social, and environmental factors involved in these matrices of questions separately, we further split them into four variables: bne_eco (economic benefits), bne_env (environmental benefits), con_eco (economic concerns, mostly related to uncertainties and lack of market for perennial biomass), and con_soc (social concerns) in Table 1. See Table S2 in the SI for the list of claims included in the four variables. The scales and labels of the four variables are identical to that of benefit and concern. Finally, for max_fam, we ask farmers about their degree of familiarity with three types of perennial energy crops (Miscanthus, switchgrass, energy sorghum) and take the maximum value of the three familiarity measures to represent the farmer’s maximum level of familiarity with perennial energy crops.
The last section of the survey is 4 sets of scenario-based questions that asks farmer willingness to growing perennial energy crop under some specified financial scenarios (an example of the scenario is shown in Figure 2). On top of the scenario questionnaire, basic perennial energy crop characteristics, including its lifespan and yield (Figure S1 in the SI), as well as some explanation of the scenario settings (Figure S2 in the SI), are provided to ensure well-informed responses to the questions.
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Figure 2. An example of the scenario-based question
<Figure 2>

2

Table 1. Variables generated from survey responses and their levels
	Variable
	Meaning
	Levels

	Background information
	age
	Age of farmer
	≤44 years, 45-64 years, and ≥ 65 years

	
	gender
	Gender of farmer
	male, female

	
	edu
	Farmer education level
	high school or less, vocational school/technical school, and college or higher

	
	risk
	Farmer attitude toward risk
	unwilling to take risks, neutral, and willing to take risks

	
	farm_size
	Farm size
	≤500 acres, 501-999 acres, and ≥1000 acres

	
	rented_ratio
	Portion of rented land
	0%, 0.1-49.9%, and ≥50%

	
	farm_inc
	percentage of income from agricultural business
	≤39%, 40-79%, and ≥80%

	
	crop_ins
	Participation in crop insurance plans
	not participated, participated

	
	lql
	Percentage of low-quality land
	0%, 0.1-29.9%, and ≥30%

	Interaction variables
	com_sup
	Community support of energy crop
	not supportive, neutral, and supportive

	
	peer_ec
	Peer perennial grass adoption rate
	≤10%, 11-20%, and ≥20%

	
	info_use
	Number of information sources
	‘low’ (≤2), ‘medium’ (3-4), and ‘high’ (≥5)

	
	gov_prog
	Participation in government conservation programs
	not participated, participated

	Behavior variables
	obj_eco
	Land management objective is economic return
	not important, neutral, and important

	
	obj_rur
	Land management objective is maintaining rural lifestyle
	not important, neutral, and important

	
	obj_env
	Land management objective is environmental protection
	not important, neutral, and important

	
	obj_rec
	Land management objective is recreation opportunities
	not important, neutral, and important

	
	obj_land
	Land management objective is protecting land quality
	not important, neutral, and important

	
	imp_env
	Importance of environment in land management
	not important, neutral, and important

	Perennial grass related variables 
	benefit
	Farmer perceived overall benefit from perennial grass
	disagree, neutral, and agree

	
	bne_eco
	Farmer perceived economic benefit from perennial grass
	disagree, neutral, and agree

	
	bne_env
	Farmer perceived environmental benefit from perennial grass
	disagree, neutral, and agree

	
	concern
	Farmer’s overall concern with perennial grass
	disagree, neutral, and agree

	
	con_eco
	Farmer’s economic related concern with perennial grass
	disagree, neutral, and agree

	
	con_soc
	Farmer’s social related concern with perennial grass
	disagree, neutral, and agree

	
	max_fam
	Farmer’s familiarity with perennial grass
	not familiar, neutral, familiar

	Scenario-based questions
	SC_par_rate
	Peer perennial grass adoption rate in the scenario
	0%, 30%, 60%

	
	SC_Cost
	Implementation cost of perennial grass in the scenario
	$400/acre, $800/acre, and $1,200/acre

	
	SC_rev_mean
	Average profit of perennial grass in the scenario
	$100/acre, $200/acre, and $300/acre

	
	SC_rev_range
	Range of profit of perennial grass in the scenario
	$40/acre, $80/acre, and $120/acre

	
	SC_Contract
	Provision of contract in the scenario
	contract, no contract

	
	SC_cost_share
	Cost sharing for the perennial grass implementation cost in the scenario
	0%, 25%, 50%, and 75%

	
	SC_Subsidy
	Provision of government subsidy in the scenario
	subsidy, no subsidy

	
	SC_will
	Farmer willingness to adopt perennial grass in the scenario
	willing, unwilling

	
	SC_ratio
	The portion of land that farmer is willing to convert to perennial grass in the scenario (conversion ratio)
	0, 0.1-5%, 5.1-10%, 10.1-15%, and >15%




The scenarios are controlled by the first seven variables in the scenario-based questions (Table 1), which have been identified to be important by previous literature [14,18]. Each of the seven variables includes two or more levels (Table 1), and their values are benchmarked by either literature value or farmers’ status-quo to make sure the scenarios are realistic to the farmers. For example, the establishment cost (SC_Cost) of perennial energy crops has three levels: $400/acre, $800/acre, and $1,200/acre, which covers the range of establishment costs of perennial energy crops in the literature [8,31,32]. The three levels of average net income (SC_Rev_mean) ($100/acre, $200/acre, and $300/acre) are benchmarked by the expected corn and soybean production net incomes ($100/acre - $197/acre) in 2019 [33]. After the description of each scenario, the farmer is asked for two questions: i) a binary choice of whether they are willing to plant perennial energy crop on their farm (SC_Will), and ii) a blank for farmers to fill in the acres of land they are willing to plant. We transform the acreage into a percentage of their total land operation and categorize it into five levels shown in Table 1 (SC_Ratio). 
In order to investigate farmer sensitivities to changes in the seven scenario variables under various conditions, it is important to get their responses to randomized combinations of these variables. One possible solution is to randomly select scenarios based on all possible combinations of the seven variables, but it would be logistically difficult. Instead, we run a fractional factorial design [34] to generate 36 unique scenarios that effectively represent variations in each of the seven scenario variables. We then randomly select four scenario-based questions from those 36 pre-set scenarios pool for each survey. 
The survey was sent to 2,500 farmers from the Farm Market ID [35] dataset in late 2019 and early 2020. The 2500 farmers are identified by stratified random sampling of the Farm Market ID database based on farm size to ensure coverage of farmers managing small and large acreages. For the non-respondents, we sent a mailed reminder two weeks later after the survey was sent out. Finally, we obtained 242 responses, resulting in an overall response rate of 9.7%. Since 17 farmers returned their survey with most of the questions unanswered we had 225 valid surveys. Unanswered questions are occasionally identified in the rest of the 255 surveys (with less than 4% questions unanswered), which is acceptable given the BN model’s ability to deal with missing data [36]. As each farmer is asked for 4 scenario-based questions, the final effective sample size after some further screening is 889. 
2.2 Bayesian network
Bayesian network (BN) is selected for its ability to represent the causal-relationship structure, perform easy conditional inferencing (for identifying farmers’ heterogeneous sensitivities to influencing factors), and deal with incomplete datasets (our survey data have about 4% missing values). BN is a probabilistic graphical model that represents a set of variables and their conditional dependencies via a directed acyclic graph [37]. A BN typically consists of a set of directed links from one variable to another, where the direction of the link could be considered as the causality from the cause to the consequence. With an efficient searching algorithm, a BN can be learned from data to represent the causal-relationship structure, and the derived BN can be easily applied for conditional inferencing through the chain rule of conditional probabilities or Monte Carlo analysis [37]. 
Compared to traditional econometrics methods, BN is not restricted to a fixed form of equations, hence it is more flexible in representing complex relationships. This is especially important if there exists collinearity among explaining variables, or if the explanation of farmers’ decisions involves a hierarchical causal-relationship structure [19,21,22]. Without in-depth knowledge about farmer decision making, the econometrics regression results can only indicate factors with statistically significant correlations with perennial energy crop adoption, but with no specific judgment whether such correlations are justified, why they exist [21], and to what extent they affect farmer’s behaviors on perennial grass adoption. Compared to other flexible machine learning models such as deep learning neural networks, BN is a more suitable option for this study as it does not have excessively large data demand. Incomplete datasets can be easily dealt with within BN by using the expectation-maximization algorithm [38], which offers an approximation approach to calculate the likelihood function of an incomplete dataset by iteratively improved guesses of missing values.
The above advantages of BN make it a useful tool for understanding human behavior rules from survey data. It has been successfully applied to analyzing farmer land-use decisions [39,40], farm practice adoption [20], and pro-environmental behaviors [41]. However, to the best of our knowledge, this is the first time that BN is applied to understanding potential adoption of perennial energy crops by farmers.
Here a model selection expectation-maximization (MS-EM) algorithm [42] is used to derive the BN structure from the survey data introduced above. The algorithm searches the model structure with the minimum Bayesian information criterion (BIC) value [43]. However, in practice, the BN structure learned from survey data usually requires necessary editing based on expert knowledge [44,45]. This is because the searching algorithms only provide a locally optimal structure, and survey data typically involve a high level of uncertainty. We adopt a hybrid approach that uses the BN structure learned from MS-EM as a backbone and slightly refine it based on common knowledge. We then determine the parameters of the manually edited BN structure using the regular expectation-maximization algorithm [38]. Finally, we validate the BN structure and parameters using a leave-one-out cross-validation [46]. The validation statistics are selected as the classification accuracies of the trained BN model in predicting two target variables SC_Will and SC_Ratio. 
The learned BN model is then applied to estimate farmers’ probability of adopting perennial energy crops under various conditions via statistical inferencing. This is done by calculating the conditional probability of a target variable given some influencing variables (here referred to as evidence) p(target|evidence). In this study, we first generate a large sample (107) of all variables in the BN through Monte Carlo, and then calculate p(target|evidence) as the corresponding conditional frequency in the Monte Carlo samples. Two variables of particular interest (as the target variables) are the willingness to adopt perennial grass (SC_Will) and the portion of land allocated to perennial grass (SC_Ratio).
We also investigate farmer sensitivities to changes in an influencing factor through the trained BN. More specifically, the sensitivity of a target variable given variations of another variable is calculated as the mutual information (MI) of the two variables [47]: 
						(1)
where T represents the target variable (SC_Will or SC_Ratio), S the influencing variable under investigation, t and s the states of T and S respectively, H() the information entropy, and p() the probability whose value is estimated based on the Monte Carlo samples generated from the investigated BN. The value of MI(T, S) suggests to what degree the state of T is affected by S. A larger value of MI(T, S) means a higher degree of influence. The R package ‘bnlearn’ [48] is used for training and inferencing BN.
2.3 Farmer classification
The MI index in equation (1) can be further applied to calculate farmers’ individualized sensitivities to changes in incentives by specifying a set of variables Φ that characterize a farmer as additional conditions (all the factors in the BN except the target variable T, scenario-based variables, and the investigated variable S), i.e., MI(T,S|Φ). Knowing MI(T,S|Φ) for different farmers would lead to an improved understanding of farmer decision-making. It also enables more targeted policy designs to promote perennial energy crops. However, involving a large number of individual farmers will cause difficulty in the interpretation of MI(T,S|Φ) and its relationship with the influencing factors, given the uncertainties involved in its estimation, as well as the large number of variables involved in Φ. This study simplifies the interpretation by clustering the surveyed farmers into relatively homogeneous groups and focusing on the between-group differences in MI(T,S|Φ).
Following Skevas et al. [16], farmer classification involves two steps: i) a dimension reduction step to enable a parsimonious and interpretable representation of the large number of attitude-related claims, and ii) a clustering step to assign the surveyed farmers into clusters. The principal component analysis is used for step i), and k-means for step ii). Data from the 225 valid surveys are used in farmer classification. Occasional missing values in the data are filled using a separate BN trained with responses to all questions regarding attitudes toward energy crops (see Table 4 for a list of these questions). 
PCA uses an orthogonal linear transformation to transform a set of variables into another set of uncorrelated variables (also known as principal components) with the same dimension [49]. It is usually used as a dimension reduction method because the first few principal components can represent a large portion of variances in the original data. No explicit rule exists for determining the final number of principal components, but the choice is typically a balance of the level of complexity (i.e., number of principal components) and the total variances that these principal components represent. Along with the generation of principal components, a set of factor loadings are calculated as the correlations between initial variables and principal components [49]. We interpret the physical meanings of a principal component through the variables with high absolute factor loadings.
K-means is a nonhierarchical clustering method that iteratively searches the locations of a pre-specified number of cluster centers in the high dimensional space defined by the input variables (here are the principal components determined through PCA). A farmer is then assigned to its nearest cluster center in this high-dimensional space [50]. The number of clusters can be determined empirically by plotting the within-cluster variance with the number of clusters, and the elbow of the curve will be selected [51]. 
We then calculate each farmer’s sensitivities to the factors investigated in the BN as described in section 2.2 through MI(T,S|Φ). The statistics of MI indices of farmers belonging to a cluster can be used to understand the policy implications of farmer typology, i.e., whether different types of farmers would have distinct responses to incentives. We also apply the logit regression [52] to predict each cluster’s membership based on a set of background information collected from the survey in section 2.1. The logit regression model enables possible physical interpretation of farmers’ cluster memberships through the identification of statistically significant predictors. Logit regression instead of the BN model is selected in this step for two reasons: i) the relatively small sample size for farmer type membership identification, and ii) the lack of prior information to manually add links for a reliable farmer membership prediction. 
3. Results and Discussion
Of the sample of 899 respondents, 817 responded about willingness to adopt perennial energy crops (SC_Will) by answering the scenario-based questions and of this 214 responses were positive. The unconditional perennial energy crop adoption probability for the scenario-based question is 0.262, similar to the previous choice experiments conducted in Midwestern and South-central regions [14] and Kansas [18]. The relatively low adoption probability is reasonable because perennial energy crops as land-use options are associated with relatively large risks at present with respect to crop yield, establishment cost, maintenance cost, market availability, and biomass price. Some farmers replied with positive responses to SC_Will (willingness to adopt perennial grass in the scenario-based question) but left the answer blank for the acreage of land that they are willing to grow (which is further converted to SC_Ratio, the portion of land converting to perennial grass). As a result, there are 761 responses for SC_Ratio in the survey, 603 reported 0% land allocation to perennial grass, 71 reported 0.1-5%, 45 reported 5.1-10%, 11 reported 10.1-15%, and 31 reported >15%. The raw survey results suggest that Midwestern farmers are relatively reluctant to adopt perennial energy crops. Some farmers show interest in growing those crops, but they would only allocate a small amount of land. Therefore, it is vital to understand farmers responses to the various influencing factors, which could potentially indicate possible measures to improve their willingness to adopt energy crops. 
3.1 Causal-relationship structure of factors’ influence on perennial energy crop adoption
Figure 3 shows the graphical representation of the BN learned from the 899 samples through a combined human and machine intelligence approach. For simplicity, the variables listed in Table 1 but not linked to the main network are removed in Figure 3 and any follow-up analysis. 
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Figure 3. The Bayesian network structure learned from the survey data (referring to Table 1 for the full names of variables).
<Figure 3>
Several links in Figure 3 are manually enforced into the model based on common knowledge (marked by brown arrows.) Variables bne_eco (perceived economic benefit), bne_env (perceived environmental benefit), benefit (overall perceived benefit), con_eco (perceived economic concern), con_soc (perceived social concern), and concern (overall perceived concern) are all generated from farmers’ levels of agreement to a set of claims about the potential benefits and concerns related to perennial energy crops (Table S2 in the SI). The links between the above-mentioned benefit and concern related variables are thus manually enforced (Figure 3). The links from marginal land availability (lql), benefit, contract availability (SC_Contract), and expected average profit (SC_Rev_mean) to SC_Will, as well as the link from SC_Rev_Mean to SC_Ratio, are added based on literature reported relationships [14,15,18]. Part of the manually added links (bne_eco, bne_env, con_eco, and con_soc) in Figure 3 enable the quantitative comparison of the impacts of economic, environmental, and social factors in section 3.2, and other manually added links (benefit, lql, SC_Contract, and SC_Rev_mean) prove to be strong predictors of farmers’ perennial energy crop adoption (as detailed in section 3.2). The trained BN model has classification accuracies of 0.764 for SC_Will and 0.768 for SC_Ratio. The relatively high model accuracies further validate the BN structure and the manually added links in Figure 3. 
Figure 3 shows a clear hierarchical structure. The influences of the various background information (e.g., education level and farm size) on farmers’ perennial energy crop adoption are mediated by their familiarities with perennial grass (max_fam), perceived importance of environment (imp_env), and marginal land availability (lql). Such a result is expected as the impact of background information on farmer adoption of agriculture innovations is usually found to be mediated by variables such as their knowledge or attitude toward the innovations [19]. The benefit and concern are two other intermediate variables that control the impacts of farmers’ specific attitudes toward perennial energy crops. In comparison, the impacts of market conditions (e.g., SC_Contract and SC_Rev_mean) are more direct without a mediating variable, suggesting the dominant role of the economic factors in controlling farmers’ decisions. 
While most of the factors in Table 1 have been investigated in other studies, the causal-relationship structure in Figure 3 contributes to the literature by disentangling the complicated rationales of why certain factors potentially affect farmers’ decisions to adopt perennial energy crops. For example, neighbors’ land-uses (peer_ec, peer perennial grass adoption rate) have been identified as statistically significant predictors of farmer adoption decisions [53], but without explicit justification. Figure 3 suggests that peer_ec might have an impact through its influence on max_fam, farmers’ familiarity with perennial energy crops (the more neighbors growing perennial energy crops, the more likely the farmer is familiar with these crops). 
Some new relationships can also be identified in Figure 3. For example, farmers sources of information (info_use, number of information sources) is a new variable investigated in this study. We find that it is influenced by farmer education level, and it also affects farmer willingness to adopt through the impact of their risk attitudes. Such results are as expected, given the common understanding that education affects people’s access to information sources, which further influences their risk attitudes [54–56]. Interestingly, we find that availability of marginal land (lql) is directly affected by max_fam. The result suggests that, once a farmer understands more about perennial grass (e.g., its relatively good performance on marginal land), they will be more likely to realize that they may have marginal land available for growing those grasses. 
One disadvantage of the BN model over the traditional mixed logit regression model lies in the difficulty in interpreting the impact of specific variables. While such a task could be easily done by traditional regression models based on the variable’s regression coefficient, the impact of a variable on another in the BN model might be affected by the value(s) of a third (or even more) variable(s) (e.g., the impact of info_use on risk depends on the value of gender). In recognition of the above limitation, our choice of the BN model relies on its ability to disentangle the complex causal-relationship structure of farmer’s perennial energy crop adoption. Specifically, the BN model can potentially identify policy-relevant factors that traditional regression models might not be able to. For example, it is difficult to identify factors that improve farmer perception of marginal land availability, an important variable for energy crop adoption [57]. The causal-relationship structure in Figure 3 suggests that policymakers could potentially target peer_ec (e.g., through pilot projects and sharing) and info_use (e.g., through education program) for marginal land availability.
Meanwhile, the causal-relationship structure and the corresponding conditional distribution parameters identified by the BN model (Figure 3) could be used to generate hypotheses for understanding farmer decision-making processes and rationales. For example, a possible hypothesis can be: A farmer with more interactions with other farmers (e.g., neighbors) who grow perennial energy crops (peer_ec) would be more familiar with these crops (max_fam) and hence more willing to grow them (SC_Will). Another hypothesis is: Compared to male farmers, female farmers (gender) might be more risk-averse (risk) and thus perceive less marginal land availability (lql), which can finally lead to lower willingness to grow perennial bioenergy crops (SC_Will). However, it should be noted that the causal-relationship identified in Figure 3 only represents the most plausible structure among many possible ones given the information from survey data along with prior knowledge. More data available may end with a more reliable structure, and hence more reliable hypotheses. 
3.2 Individual impacts of influencing factors
The marginal impact of a factor to changes in SC_Will and SC_Ratio is shown in Figure 4. Directions of impacts are identified based on the BN inferencing results in Figure S3 of the SI, which shows the perennial energy crop adoption probabilities under different factor states. The influencing factors are categorized as economic, social, and environmental factors, as defined in Figure 3. The other three variables (benefit, concern, and max_fam) that do not fall in the above categories are named as ‘aggregated’ variables (Figure 4). As mentioned in section 2.1, benefit represents farmers’ overall agreement with a series of claims about the advantages of perennial energy crops, including both economic and environmental aspects (Table S2 in the SI); concern represents their overall agreement with a series of claims about the limitations/disadvantages of these crops (Table S2 in the SI); finally, max_fam represents their maximum level of knowledge about any kind of perennial energy crop. A bootstrapping method [58] is applied to generate 1,000 realizations of the BN model based on resampling with replacement. The bootstrapping variances are used to calculate the error bars shown in Figure 4 and Figure S3 in the SI. 
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Figure 4. Individual impacts of economic, social, and environmental factors on farmers willingness to adopt perennial grass (SC_Will) and the portion of land they are willing to convert (SC_Ratio). Refer to Table 1 for the full names of variables; upward arrows indicate positive influence, and downward arrows indicate negative influence.
<Figure 4>
Results in Figure 4 suggest similar patterns for the impacts of influencing factors on SC_Will and SC_Ratio. The expected profit (SC_Rev_mean) appears to be the most critical factor for farmer adoption of perennial energy crops. When other factors held constant, the increase of SC_Rev_mean leads to a drastic increase in the perennial energy crop adoption probability (Figure S3 in the SI). Besides SC_Rev_mean, benefit (which combines economic and environmental information), lql, max_fam, bne_eco, bne_env, and SC_Contract also have considerable positive impacts on perennial energy crop adoption. In general, farmers’ decisions are mostly affected by economic factors (e.g., SC_Rev_mean, lql, and SC_Contract), but non-economic factors (e.g., bne_env, imp_env, and con_soc) also have considerable impacts.
Other studies also identified the dominant role of economic factors on farmer energy crop adoption, e.g., economic profit [59], availability of contract [60], availability of marginal land (lql) [61], and the existence of local market [62]. As summarized by a recent review [7], farmers place economic benefits as their primary concern in planting energy crops. While some surveys and interviews suggest strong impacts of social and environmental considerations on shaping farmers attitudes and adoptions of perennial energy crops [11,61], our result in Figure 4 shows that their impacts are not comparable with impacts of economic factors. Figure 4 also shows that farmers decisions are more affected by their positive perceptions of perennial energy crop (benefit) than by their negative perceptions (concern). Similar suggestions about the positive framing of bioenergy crops are also provided by Eaton et al. [11] and Helliwell [61]. It is therefore recommended that promotion and education plans targeting perennial energy crops should focus on the benefits, including both economic and environmental aspects of such crops [e.g., improvement of farm income and soil erosion (Figure S3 in the SI)]. 
3.3 Farmer types identified through survey responses
Following Skevas et al. [16], we cluster surveyed farmers into different groups based on their levels of agreement to 13 claims about energy crops (Table 2). We first use PCA to build four composite variables (principal components) representing ~60% of all the variances in the 13 claims. The first composite variable is named as ‘variable on environment’ (VEV), given the high loadings of environment-related claims (e.g., energy crop can improve water quality). The second composite variable, here referred to as ‘variable on uncertainty’ (VUC), has high loadings for claims relating to the uncertain nature of energy crops (e.g., concern about the lack of local market). The third composite variable has high loadings on profitability-related claims of energy crop, hence named as ‘variable on profit’ (VPF). Finally, the fourth composite variable is named as ‘variable on social support’ (VSS), as its constructing variables with high loading are relating to the support for perennial grass or biofuel from different social groups, including “Support for building new refinery”, “Community support”, and “Concern about changing traditional crop rotation”. Before the following analyses, the four composite variables are rotated to ensure that a larger value in these variables means a more positive attitude toward energy crops.
Table 2. Composite variables generated through PCA and their associated loadings
	Claims about energy crops
	Composite variables

	
	VEVa
	VUCb
	VPFc
	VSSd

	Support for building new refinery
	0.186
	0.135
	0.278
	-0.455

	Increase profit
	0.453
	-0.066
	0.545
	-0.017

	Increase reliability in poor weather
	0.578
	-0.343
	0.423
	-0.033

	Improve water quality
	0.807
	-0.338
	-0.223
	0.149

	Improve soil quality
	0.799
	-0.301
	-0.274
	0.160

	Improve national energy security
	0.783
	-0.067
	-0.164
	0.286

	Willing to convert flood/drought prone land
	0.575
	-0.138
	0.000
	-0.486

	Community support
	0.464
	-0.008
	0.083
	-0.429

	Concern about competition with other land-uses
	0.043
	0.039
	0.547
	0.441

	Concern about about signing contract
	0.441
	0.667
	-0.242
	0.241

	Concern about lack of local market
	0.345
	0.853
	0.052
	-0.014

	Concern about lack of knowledge about energy crops
	0.272
	0.796
	0.197
	-0.153

	Concern about changing from traditional crop rotation
	0.080
	0.105
	0.362
	0.469

	Concern about not enough road network to support energy crop production and selling
	0.145
	0.248
	-0.497
	0.011


Notation: Values in black indicate the variables with absolute loading larger than 0.5;
aVEV = variable on environment;
bVUC = variable on uncertainty;
cVPF = variable on profit;
dVSS = variable on social support.
The four composite variables are used as inputs to the clustering algorithm k-means. K-means uses the within-group difference to identify the final number of groups. As shown in Figure S4, the within-group difference decreases quickly with more clusters but remains relatively stable after the fourth cluster. We then cluster farmers into four types (Table 3). Figure 5 shows each type of farmers’ average values of the four composite variables in Table 2, as well as two variables representing farmer willingness to grow perennial grass under two extreme scenarios (SC_will, and SC_will_max). The first willingness variable SC_will is identified under the scenario with no provision of contract and the lowest level of perennial energy crop profit, and is selected in Figure 5 to represent the farmers status-quo willingness. The second willingness variable SC_will_max is identified under the scenario with the provision of a long-term contract and the highest level of perennial energy crop profitability, and is selected to represent the sensitivity of different types of farmers to economic incentives. The average SC_will and SC_will_max values are estimated by the BN under a baseline financial scenario and a best-case scenario, respectively.
Table 3. Frequencies and characteristics of the four types of farmers
	Farmer Type
	Character
	Count
	Av. farm size (acre)
	Av. grass adoption size from the survey (acre)

	Type I
	Farmers advocating environment
	94 (41.8%)
	884
	23.9

	Type II
	Energy crop supporters 
	49 (21.8%)
	1223
	32.7

	Type III
	[bookmark: _Hlk83935322]Farmers favoring profitability 
	49 (21.8%)
	1372
	16.1

	Type IV
	Energy crop skeptics 
	33 (14.7%)
	958
	9.7


Type I farmers are named as ‘Farmers advocating environment’ because of their distinctively high agreement with the environmental benefits (VEV) and low agreement with the profitability (VPF). Type II farmers are named as ‘energy crop supporters’, who show relatively high positive attitudes toward all four aspects of perennial energy crops as represented by the four composite variables in Table 2. Type III farmers are named ‘Farmers favoring profitability’ because of their distinctively high agreement with the profitability (VPF) and low agreement with the environmental benefits (VEV); Type IV farmers are named as ‘energy crop skeptics’ because of their low positive attitudes toward all the four aspects. Among the four types of farmers, Type I has the highest frequency in the survey samples (41.8%, Table 3), suggesting that most farmers agree about the environmental benefits of perennial energy crops but have a concern that these crops might not produce enough profits. Especially, given the fact that the market for cellulosic biomass is shrinking as existing cellulosic biorefineries have been shut down [63], a skeptical perception with perennial energy crops’ profitability might continue for some extended periods. Meanwhile, Type I ‘Farmers concerned about environmental benefits’ have the smallest average farm size (Table 3) among the four groups, suggesting that they are more likely owners of small farms.
Figure 5 shows the dominant role of economic concern on farmer perennial energy crop adoption. Type II farmers have the highest SC_Will level under the baseline scenario, followed by Type III farmers. Type I and Type IV farmers, who do not have as much positive attitudes toward the profitability of energy crops, have the lowest levels of SC_Will under the baseline scenario. The ranking of SC_Will_max varies over different farmer groups under the best-case scenario and is different from that under the baseline scenario. Type II farmers continue to have the highest level of SC_Will_max, followed by Type I and Type IV; Type III farmers turn out to have the lowest level of SC_Will_max, which suggests distinct sensitivities of different types of farmers to economic incentives. Importantly, we find all types of farmers have relatively negative attitudes toward the uncertainty associated with perennial energy crops and the social support for their adoption of such crops (as is shown by the low values of VUC and VSS in Figure 5). This implies that perennial energy crops are still considered risky land-use options, and farmers do not feel sufficient support from the government or community for them to deal with those risks. 
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Figure 5. Radar plot of the four types of farmers identified through principle component analysis; value ranges for VEV, VUC, VPF, and VSS are 1-3, and the value ranges for SC_Will and SC_Will_max are 0-0.5.
<Figure 5>
The farmer typology confirms some previous findings. Skevas et al. [16] surveyed southern Michigan landowners for their attitude toward bioenergy and bioenergy crops and identified four types of farmers: i) ‘disamenity-sensitive’, ii) ‘profit-oriented’, iii) ‘bioenergy supporters’, and iv) ‘bioenergy skeptics’. Type II ‘energy crop supporters’ and Type IV ‘energy crop skeptics’ identified from our study agree with the ‘bioenergy supporters’ and ‘bioenergy skeptics’ types identified by Skevas et al. [16], respectively, representing the groups who are strongly positive or negative on renewable energy. The ‘profit-oriented’ farmers identified by Skevas et al. [16] are relatively positive about potential financial-related (e.g., insurance and length of contact) and agricultural-related (e.g., noise form agricultural activities and potential smell of refinery) concerns of renting out land for bioenergy crop production but are relatively neutral about the importance of renewable energy. Such ‘profit-oriented’ farmers show some similarity with our Type III ‘Farmers with profitability concerns’, who have a high agreement with the economic benefits of energy crop but a low agreement of environmental benefits of energy crop. Our analysis does not find a group of farmers that is similar to the ‘disamenity-sensitive’ type identified by Skevas et al. [16], who has concerns about the potential financial-related and agricultural-related factors of renting out land for bioenergy crop production, but is relatively neutral about the importance of renewable energy. The ‘Farmers concerned about environmental benefits’ type and its high frequency in our study also echo the result of Rossi and Hinrichs [64] that energy crops are pro-environmental land management options with higher risks and potentially lower profits. Similar types of farmers are also identified by Sutherland et al. [65] who surveyed Scottish farmers and Boon et al. [66] who surveyed Danish forest owners.
We further build four separate logit regression models to predict memberships for each of the four types of farmers. Independent variables in the logit regression models are identified as the socio-economic variables that could be estimated objectively (e.g., age and edu), in contrast to behavioral variables such as imp_env, the importance of environment. In this way, we can improve the reproducibility and reduce the difficulty of farmer type identification. We further test the statistical significance of the variable pairs that are connected in the BN model (e.g., gender and risk, Figure 3). If the pair of variables are significantly correlated (at the 0.05 significance level), the variable downstream of the causal-relationship diagram is removed from the logit regression model to avoid collinearity.
Table 4 shows the marginal effects of each background information factor on the probability of a farmer being classified as one of the four types I to IV, as well as their associated significance levels. The result suggests the ‘energy crop supporters’ are more likely to have larger farms, which might be explained by the impact of farm_size based on farmers experiences with government land conservation programs (gov_prog) and the perceived importance of environmental issues (imp_env) (see Figure 3). 
The ‘energy crop supporters’ are also more likely male farmers, so do ‘Farmers favoring profitability’ (while the impact of gender for this type of farmer is not statistically significant). ‘Farmers advocating environment’, however, are likely to include more female farmers. Overall, the survey results show that male farmers are more likely to agree with the profitability of perennial energy crops while female farmers are more likely to agree with the environmental benefits. Gender has a mixed impact on farmers environmental behaviors. While males usually have more access to environmental education and knowledge [67], females have been identified to be more socially responsible and sensitive to environmental issues [68,69]. Our results suggest the latter mechanism might play a bigger role in farmers attitudes toward perennial energy crops and their environmental benefits. 
Table 4. Logit regression models for predicting farmer type memberships
	
	Farmers advocating environment
	Energy crop supporters
	Farmers favoring profitability
	Energy crop skeptics

	intercept
	-0.176
	0.200
	-2.193
	-1.834

	info_use
	-0.267
	-0.153
	0.653***
	-0.162

	crop_ins
	-0.107
	-0.509
	0.126
	0.726

	farm_size
	-0.387**
	0.374*
	-0.166
	0.417

	rent_ratio
	0.006
	0.051
	0.335
	-0.471*

	peer_ec
	-0.282*
	0.227
	0.153
	0.006

	gender
	1.276**
	-1.729*
	-1.137
	0.061

	age
	0.163
	0.057
	-0.284
	0.182

	edu
	0.147
	-0.112
	0.360
	-0.577

	farm_inc
	-0.204
	0.228
	-0.049
	0.099


Notation: Values in black are statistically significant, * represent statistical significance at 0.1 level, ** at 0.05 level, and *** at 0.01 level; refer to Table 1 for the full names of variables.
In addition, farmers with smaller farms (farm_size) or fewer neighbors/friends adopting energy crops (peer_ec), are more likely to be ‘Farmers advocating environment’ who recognize the environmental benefits of perennial energy crops but have concerns about their profitability. The impact of farm sizes on farmer classification is consistent with our result in Table 3, which shows that ‘Farmers advocating environment’ are having the smallest average farm size among the four farmer groups. Some previous studies also find that farmers with conservation experiences and smaller farms are more likely to have positive environmental attitudes [70,71]. As per the impact of peer_ec, a farmer with more peers adopting perennial energy crops may be more familiar with these crops (max_fam, see the relationship between peer_ec and max_fam in Figure 3), and hence more likely to believe in the potential economic benefits. As a result, the farmer less likely belongs to ‘Farmers advocating environment’ (Table 4). 
Farmers are more likely to be classified as ‘energy crop skeptics’ if they operate less rented land (rent_ratio). This contradicts the common assumption that farm ownership encourages positive attitudes toward agricultural innovations that could accrue benefits to land [72]. A possible explanation, as identified by Varble et al. [73], could be related to the different information sources used by farm owners and renters. As compared to farm owners, renters are more likely to seek information from government-supported conservation service centers [73]. Similarly, in our study, though not at a statistically significant level, ‘energy crop skeptics’ are using fewer sources of information for their land-use decisions (Table 4). However, we refrain from further analyzing the causes of such a contradiction, given our study’s limited scope.
Finally, farmers are more likely to be classified as ‘Farmers favoring profitability’ if they have more diversified information sources for land management (info_use). Our result thus suggests that the energy crop related information communicated via the various media might be mostly focused on the economic benefits rather than the environmental benefits of such crops. 
3.4 Farmers’ heterogeneous responses to influencing factors
We then quantify the sensitivities of different types of farmers decisions to the various influencing factors through the mutual information index (section 2.2), as shown in Figure 6. Note that Figure 6 only shows the factors associated with statistically significant between-group differences in MI, resulting from the one-way ANOVA test [74] (with a significance level smaller than 0.1 in the F-test). A statistically significant factor for the MI index of SC_Will is not necessarily significant for the MI index of SC_Ratio (and vice versa). The result suggests that, among the statistically significant factors, farmer decisions are most sensitive to the expected profit (SC_Rev_mean), marginal land availability (lql), and perceived environmental benefits of perennial energy crops (bne_env). 
Interestingly, we find that Type II and Type III farmers, who have relatively more positive attitudes toward perennial energy crop profitability, are less sensitive (as measured by the MI of SC_Will) to the changes of SC_Rev_mean. A possible explanation is that profitability is not a limiting factor for the two types of farmers (as they are already content with the profitability); instead, their willingness to adopt perennial energy crops is limited by their low perceived environmental benefits of these crops. This is supported by the relatively high sensitivities of these farmers (as measured by SC_Will) to the changes in bne_env. 
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Figure 6. Average sensitivity of four types of farmers in (a) perennial grass adoption probability and (b) land conversion ratio to various influencing factors. One asteroid below the boxplot indicates the statistical significance at 0.1 level; two asteroids indicate the statistical significance at 0.05 level. Refer to Table 1 for the full names of the influencing factors.
<Figure 6>
As expected, for the farmers with more positive attitudes toward perennial energy crops’ environmental benefits (Type I and Type II), their land portions allocated for perennial energy crops (SC_Ratio) are more sensitive to marginal land availability (lql) than farmers of the other two types. Magnitudes of sensitivity for the other six statistically significant factors are smaller than SC_Rev_mean, lql, and bne_env; except for con_soc (expected social concern of perennial energy crop), which has the same level of sensitivity to bne_env for Type II farmers. This result indicates a potential to improve Type II farmer willingness by improving the social support for growing perennial energy crops, e.g., through non-government organizations and local agricultural outreach programs. 
3.5 Policy Implications
The combined use of the BN model and the clustering technique enables more nuanced policy implications for promoting perennial grass among growers. Compared to traditional regression models such as mixed logit regression or probit model, the BN model is used to identify not only the important influencing factors such as lql (low quality land) but also the factors that directly or indirectly affect the influencing factors (e.g., max_fam and edu). Meanwhile, the clustering technique conducts farmer classification that enables more targeted policy designs for specific groups of farmers, given their distinct responses to different factors, as shown in Figure 6. Combination of the two approaches enables the identification of factors and target groups that a policymaker could effectively target.
More specifically, results in Figure 4 and Figure 6, suggest that the most effective policies for perennial energy crop adoption would be: i) to improve perennial energy crop profitability, ii) to target farmers with marginal lands, and iii) to develop more targeted education and outreach programs that reflect farmers’ heterogeneous behavior rules in perennial energy crop adoption. 
Table 5. Average probabilities of perennial energy crop adoption by farmers (SC_Will) and average levels of adoption ratio (SC_Ratio) conditional on values of policy-relevant factors.
	Variable
	Level
	SC_Will
	SC_Ratio
	
	Variable
	Level
	SC_Will
	SC_Ratio

	SC_Rev_mean
	1
	0.100
(0.024)
	1.174
(0.048)
	
	max_fam
	1
	0.168
(0.031)
	1.337
(0.063)

	
	2
	0.275
(0.032)
	1.596
(0.080)
	
	
	2
	0.230
(0.046)
	1.461
(0.094)

	
	3
	0.342
(0.028)
	1.680
(0.066)
	
	
	3
	0.296
(0.022)
	1.600
(0.050)

	lql
	1
	0.164
(0.025
	1.334
(0.052)
	
	peer_ec
	1
	0.250
(0.018)
	1.505
(0.041)

	
	2
	0.316
(0.025)
	1.634
(0.057)
	
	
	2
	0.287
(0.020)
	1.581
(0.046)

	
	3
	0.278
(0.037)
	1.571
(0.081)
	
	
	3
	0.283
(0.019)
	1.572
(0.045)

	SC_Contract
	1
	0.090
(0.024)
	1.175
(0.056)
	
	info_use
	1
	0.241
(0.018)
	1.486
(0.040)

	
	2
	0.272
(0.019)
	1.550
(0.043)
	
	
	2
	0.271
(0.019)
	1.548
(0.043)

	
	
	
	
	
	
	3
	0.276
(0.019)
	1.557
(0.044)


Notation: Values in brackets denote the associated standard deviation of SC_Will and SC_Ratio. Refer to section 2.1 for full names of the influencing factors and their associated levels.
The cultivation of local markets with attractive biomass prices and possibly long-term contract availabilities would be helpful policy options to improve perennial energy crop profitability, especially given that Midwestern farmers are largely concerned about the uncertainties associated with these crops (Figure 5). Based on the BN model, farmer average willingness to adopt perennial energy crops would grow from 0.1 to 0.342 if the profitability level (the average profit of growing perennial grass) increases from the lowest to highest, and from 0.09 to 0.272 if a long-term contract is provided (Table 5). An attractive local market for biomass could be achieved through direct subsidies or tax credits for farmers growing perennial grasses, or through subsidies or tax credits for bioenergy and bioproduct industries that use cellulosic biomass as feedstock. For example, the cultivation of perennial grasses usually associates with high upfront costs in land preparation, seeding, etc., and the provision of establishment cost share subsidy could be used to help farmer overcome this financial difficulty and improve profitability of perennial grass [14]. Mandates such as renewable fuel standards (RFS) could also indirectly increase the profitability of perennial energy crops. 
Growing perennial energy crops on marginal lands has been identified as an important potential solution to the ‘food v.s. fuel’ dilemma [2]. As is shown in Table 5, the availability of marginal land (lql level 2 or 3) would lead to at least an average increase of 0.114 in farmer willingness to grow perennial grass. Policies targeting farmers with marginal lands could include: i) direct subsidy for farmers with marginal lands [75], and ii) indirect policies for increasing marginal land availabilities (farmers’ perception of marginal land availability could be influenced by various factors, see a discussion in Yang et al. [57]). The former could be achieved by allowing bioenergy crops as viable options for existing government conservation programs [e.g., conservation reserve program (CRP) and best management practice (BMP) who pay subsidies to farmers with environmentally sensitive land for their adoption of conservative practices such as land retirement or cover crops], whose target lands partially overlap with marginal land [76]. As per the indirect policy, we find farmers’ familiarity with perennial energy crops could positively influence marginal land availability (see the impacts of max_fam in Figure 3 and Table 5). Therefore, education and outreach programs about perennial energy crops would be helpful policies. Experience sharing of farmers already planting perennial energy crops could be an especially effective measure given the direct impact of peer adoption ratio on familiarity (see the impacts of peer_ec in Figure 3 and Table 5). Policymakers can also consider diversifying the channels of perennial energy crop related information, which has been identified to influence farmers’ willingness to grow perennial grass through marginal land availability (see the impacts of info_use in Figure 3 and Table 5).
Refinement of the above policies based on farmer typology could further enhance farmers’ adoptions. More specifically, based on Figure 6, policies targeting ‘energy crop supporters’ (Type II) and ‘Farmers favoring profitability’ (Type III) could emphasize the improvement of farmer perceptions of perennial energy crop’s environmental benefits (e.g., through education and outreach programs), especially for Type II farmers with larger portions of marginal lands. Likewise, policies for ‘Farmers advocating environment’ (Type I) and ‘energy crop skeptics’ (Type IV) could emphasize perennial energy crop’s profitability (e.g., through subsidies), especially for Type I farmers with larger portions of marginal lands. In addition, our results suggest that factors related to the benefits of perennial energy crops have greater impacts than factors related to the limitations of those crops (Figure 4). Therefore, as suggested by Eaton et al. [11] and Helliwell [61], the communication with farmers should emphasize the positive framing (i.e., building a context with an overall focus on the potential gains) of perennial energy crops to encourage positive attitudes toward such crops.
3.6 Limitations
It should be noted that, given the currently limited perennial energy crop adoption, our survey takes an alternative approach to investigate farmer responses to various future financial scenarios (e.g., availability of contract and expected profit). Hence, our results and conclusions might be subject to the hypothetical bias [77] that respondents tend to overstate their willingness to adopt perennial energy crops. The lack of empirical data for farmers actually growing these crops also limits our ability to identify the magnitude of hypothetical bias [78]. Nevertheless, we do not anticipate the hypothetical bias to vary significantly across different farmers [79], and our conclusions about the relative importance of various influencing factors and the heterogeneities among the four types of farmer sensitivities to those factors should be valid. 
Another potential source of bias in the survey is participation bias, i.e., certain groups of farmers are more willing or unwilling to respond to the survey [80]. In this study, we found that among the four types of farmers, Type I ‘Farmers advocating environment’ account for almost half of the participants. One may conjecture that ‘Farmers advocating environment’ are just more willing to respond to the survey. This participation bias could potentially lead to an underestimation of the total perennial energy crop adoption rate in the Midwestern US: Type I farmers are typically less willing to grow those crops under the baseline scenario as compared to Type II and Type III farmers (Figure 5). However, in theory, the BN structure, the four types of farmers, as well as the major characteristics of the four farmer types do not depend on the actual number of each type of farmer. Therefore, our major findings are less likely to be significantly changed due to the participation bias. The supporting or rejection of the participation bias requires additional comparisons of the statistics of both respondents and non-respondents [81], which will be conducted in a future study. 
We also anticipate uncertainties in our results, given the relatively small sample size in our survey (225 effective survey responses). The uncertainties have been partly quantified through a bootstrapping approach. The result shown in the error bars in Figure 4 suggests our conclusions about the relative importance of various influencing factors are valid regardless of the uncertainty. Also because of the relatively small sample size and the uncertainty in survey responses, the BN model learned based on the MS-EM algorithm has to be manually modified based on expert knowledge, although such manually added links are validated by the BN model’s relatively high classification accuracies. Future research could be benefitted from additional sample sizes to reduce uncertainty. We also suggest future researchers combine BN and econometrics analysis [19,82] to further validate the BN links identified in this research.
In addition, the loosely coupled BN causal-relationship structure and farmer type classification could potentially be integrated in a tight form by treating the farmer type membership as a latent class variable in the BN model (see Masmoudi et al. [83] for an example). The tightly integrated BN model could provide an analysis mechanism on how different factors influence farmer type memberships; while how farmer typology potentially affects their perennial energy crop adoption decisions, by the mediating other intermediate variables, could also be revealed.
4. Conclusions 
This study develops a BN model to analyze the drivers of adoption of perennial energy crops based on survey data collected from Midwestern farmers. The impacts of the various factors that directly or indirectly affect farmer decision making are quantified through a set of mutual information (MI) indices in section 2.2. Furthermore, based on the survey data, we cluster Midwestern farmers into distinct types according to their attitudes toward the economic, social, and environmental aspects of perennial energy crops. Based on the causal-relationship structure identified from the BN model and the farmer classification, heterogeneous responses of the different types of farmers to various incentives are investigated. 
The trained BN model shows good agreement with survey data. The causal-relationship structure identified from the BN model contributes to improved understandings of how a factor influences perennial energy crop adoption. For example, neighbors adoption of energy crops improve farmers familiarities with these crops, hence their likelihood of adoption. Among the investigated factors in this study, farmers decisions are mostly affected by economic-related factors such as profitability, but environmental and social related factors also have non-negligible impacts.
We identify four types of farmers based on the survey data. ‘Farmers advocating environment is the most common type (accounts for 41.8% of the surveyed farmers), and is characterized as farmers who mostly agree that energy crops provide environmental benefits rather than economic benefits. The result generally reflects the current status of perennial energy crops, i.e., they possess higher potential in environmental benefits over traditional food crops but lack the necessary profitability to attract massive adoption. We also identify statistically significant between-group differences among the four types of farmers in their sensitivities to different incentives. While certain types of farmers (‘energy crop supporters’ and ‘Farmers advocating environment’) are more sensitive to changes in profitability, others (‘energy crop supporters’ and ‘Farmers favoring profitability’) are more sensitive to changes in environmental factors. 
The findings of this study have implications for the design of policies to induce adoption of perennial energy crops. Specifically, similar to other studies [14,18] we find that the availability of contract and local markets would be most beneficial. In addition, education and outreach programs that increase farmer understanding and influence their attitudes toward perennial energy crops can be helpful. The communication with farmers should emphasize the positive framing of perennial energy crops to encourage positive attitudes toward such crops. Farmer willingness to adopt could be further improved if more customed policies are available based on the farmer typology identified in this study.
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Figure Captions

Figure 1. Flow chart for identifying Midwestern farmers’ heterogeneous rule of perennial energy crop adoption 
Figure 2. An example of the scenario-based question 
Figure 3. The Bayesian network structure learned from the survey data (referring to Table 1 for the full names of variables).
Figure 4. Individual impacts of economic, social, and environmental factors on farmers willingness to adopt perennial grass (SC_Will) and the portion of land they are willing to convert (SC_Ratio). Refer to Table 1 for the full names of variables; upward arrows indicate positive influence, and downward arrows indicate negative influence.
Figure 5. Radar plot of the four types of farmers identified through principle component analysis; value ranges for VEV, VUC, VPF, and VSS are 1-3, and the value ranges for SC_Will and SC_Will_max are 0-0.5.
Figure 6. Average sensitivity of four types of farmers in (a) perennial grass adoption probability and (b) land conversion ratio to various influencing factors. One asteroid below the boxplot indicates the statistical significance at 0.1 level; two asteroids indicate the statistical significance at 0.05 level. Refer to Table 1 for the full names of the influencing factors.
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