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Abstract 

In order to better design more sustainable farming systems, and prepare for the development of 

multi-criteria farm decision model, we investigate how farmers rank their main goals when 

making decisions. First, we identified the main goals used by farmers through in-depth 

interviews with randomly selected farmers in which we used small games to elicit the main 

goals they are using to make farm-level decisions. Then, we developed a Best-Worst Scaling 

experiment, in which farmers have to declare the « most » and the least « important » goals they 

use when making decisions. The experiment was conducted with 120 farmers. We first derive 

a ranking of the goals according to the population average, which showed the importance of 

rice self-sufficiency and transmission of farm capital. We then use a scale-adjusted latent class 

analysis. We identified four groups of homogenous preferences among farmers. The use of 

differentiated scale, a measure of choice inconsistencies, suggested different levels of certainty 

about the ranking, and the presence of more inconsistencies when asking the least important 

goal. While a large group focuses only on rice self-sufficiency, and farm transmission, we also 

identified a group of optimizers, and risk-averse farmers. Farmers of each group are likely to 

behave differently with regard to sustainable innovations. We also showed that some socio-

economic variables describing the farms and the households influenced the probabilities for 

farmers to belong to one of the four classes. Overall, we showed that best-worst scaling 
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experiments provide a rich set of information about the diversity of rankings. It also provides 

the set of tools to evaluate the consistency and quality of respondents’ choices.  
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1 Introduction 

A transformation of current agricultural production systems is needed to create healthy, 

equitable, resilient and sustainable food systems (FAO, 2010, Garnett, et al., 2013). This is 

particularly urgent in the developing world where agriculture systems are practiced in fragile 

environments (Tilman, et al., 2011). The adoption of new agricultural practices based on sound 

agronomic principles – e.g., diversification of cropping systems (rotations, intercropping), 

terracing, etc. – has the potential to significantly increase the sustainability and resilience of the 

current agricultural production systems while maintaining the overall productivity of the land 

(Frison, et al., 2011, Gaudin, et al., 2015). However, adoption of these practices is slow and it 

is important but difficult to predict the acceptability of these new practices by farmers under 

different environmental and policy scenarios (Knowler and Bradshaw, 2007, Knowler, 2015).  

Farm household modeling can help predict how farmers will respond to technology supply 

(Hazell and Norton, 1986). However, many agricultural models have focused solely on farmers' 

attitudes toward income and risk. (Maatman, et al., 1998, Van den Berg, et al., 2007, Laborte, 

et al., 2009, Affholder, et al., 2010). In fact, understanding farmers' potential attitudes towards 

new technologies is a typical multi-criteria decision analysis (MCDA) because farmers have 

multiple and sometimes conflicting goals (social, economic, environment) and have to fulfil 

current goals without compromising future generation (Featherstone and Goodwin, 1993, 

Greiner, et al., 2009, Wilson, et al., 2013, Alrøe, et al., 2016, Kandakoglu, et al., 2019). Ex ante 

multi-criteria assessment taking into account a larger set of farmer’s goals would improve our 
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understanding of the trade-offs they are making when choosing technologies. In turn, this would 

help tailor the technologies to farmers’ preferences and adjust policies to promote them. 

A multi-attribute decision framework is needed to identify the most important criteria for 

farmers when choosing their cropping systems (Riesgo and Gomez-Limon, 2006, Carpani, et 

al., 2012, Craheix, et al., 2016, López, et al., 2018). Many empirical techniques have been 

developed to understand people’s ranking (choice) of  alternatives when they have to consider 

different and conflicting criteria (for a precise defininition of ranking, we refered to Colorni 

and Tsoukiàs, 2021). Multi-attribute utility theory (MAUT) is a commonly advocated method 

(Keeney and Raiffa, 1976, Velasquez and Hester, 2013, Lavik, et al., 2020) to identify farming 

strategies that best meet farmers’ multiple goals. The MAUT method has three major steps: (i) 

evaluation of the performance of each alternative in terms of its utility, (ii) identification of the 

weights statistically representing the decision-maker’s priorities for each criterion, and (iii) 

aggregation and ranking of the various alternatives. Once elicited, the MAUT can also easily 

be integrated into mathematical programming models representing farmers’ selection of 

activities (e.g., Gómez‐Limón and Riesgo, 2004).  

One of the critical steps in formulating the problem is to find the adequate weights associated 

to each objective. However, an overview of the literature on the multi-criteria evaluation of 

cropping systems suggests three main gaps.  

First, many existing multi-criteria evaluations of cropping systems do not take into full account 

the diversity of farmers’ criteria and rankings. Among the ones that do, Riesgo and Gomez-

Limon (2006) estimated farmer’s goal weighting that better fit actual farmers’ behavior using 

multiple goal programming. This method is appealing since it does not ask farmers directly for 

their rankings but infer them from their real-life choices. However, it makes strong assumptions 

about farmers' rationality, and it is not clear how farmers' constraints interfere with the 

weighting calculations: farmers in developing countries are highly constrained and it is possible 

that the choices reproduced by the model are the result of these constraints and not of the 

inferred weights. Given the difficulties to obtain weights directly from farmers, many other 

studies select the criteria using a review of the literature or using scientists' point of view. (e.g., 

Ditzler, et al., 2019, Alary, et al., 2020, Senanayake, et al., 2021). 

Second, studies mainly use consensual views of stakeholder groups but do not take into account 

the diversity of preferences among farmers (e.g.,  Xavier, et al., 2020, Iocola, et al., 2021). Since 
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ex-ante assessment of technologies can rely on farm models of representative farmers, we are 

looking for a typology of farmers based on the respective weights for the different goals.  

Third, there is an abundant literature and many empirical techniques to infer decision-makers 

weighting of criteria. However, most rely on strong assumptions about the rationality of the 

respondents and the consistency of their choices. Consequently, their use for development 

studies poses a number of additional challenges. First, such studies are conducted in areas where 

communication is often an issue. Researchers may not master the local languages and need to 

rely on local translators. Moreover, some of the goals presented may be mastered differently by 

different farmers, e.g., because of differences in the education level. Therefore, it is necessary 

to be able to account for inconsistent responses.  

This paper proposes to address these three gaps. We will investigate what are the farm-level 

goals used by farmers to manage their farms, and how do farmers rank these different goals 

when deciding which activity they will select. As we anticipate some diversity in farmers 

ranking, we also want to characterize this diversity in a way that will be amenable for further 

use in multi-criteria assessment. Finally, we want to investigate if some of the respondents were 

less consistent when making the choices presented to them. 

In the reminder of the paper, we will review the methods that can address these challenges. 

After selecting Best–Worst Scaling (BWS) stated preference choice experiment as potentially 

addressing these challenges, we present the methodology and analysis applied to Lao farmers 

of the province of Xieng Khouang. Heterogeneity in producer ranking of these objectives was 

further explored with a scale-adjusted latent class logistic regression. The possibility of 

respondents being less assured/consistent in their choice is addressed specifically with the 

estimation of a “scale” factor in our analysis of the choices. 

2 Theoretical background 

This paper is interested in methods to elicit weights required in full aggregation approaches, 

with a special interest for MAUT weights. As we conducted the research with Lao farmers, it 

was important to evaluate how the potential mistakes or inconsistent responses would be treated 

in the methodology.  
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2.1 Weights for full aggregation approaches 

Techniques to elicit weights enter into three broad categories: rating techniques, pair-

comparisons techniques and choice-based techniques. 

The rating techniques, popularized from the work of Likert (1932), ask the respondents to rate 

each object separately, for example on scales of the type "not important-very important". The 

technique is easy to apply (Grover, et al., 2020) but it has been criticized because (a) it does not 

force respondents to consider trade-offs between alternative objects and results in very positive 

answers for all the objects also known as the acquiescent response bias (Billiet and McClendon, 

2000) (b) rankings are personal and cannot be compared across individuals, (c) scales may 

suffer cultural biases (Steenkamp and Ter Hofstede, 2002), and finally (d) the hypothesis of 

equidistance between the levels of a scale of intervals may be inadequate (Mühlbacher and 

Kaczynski, 2016, Koban and MacDonald Gibson, 2017). These weaknesses can be partially 

overcome but at the cost of complexity of the questions asked to respondents (e.g., Lodge, 1981, 

Marder, 1997, Bartikowski, et al., 2006). The rating technique DIRECT  (Bottomley and Doyle, 

2001, van Calker, et al., 2006), and SWING (Von Winterfeldt and Edwards, 1986) also rely on 

the direct declaration of weights. However, both of these methods do not take into account the 

possibility of tradeoffs, and a recent comparison of rating methods with choice-based methods 

showed that rating discriminate more poorly between attributes (Muhlbacher, et al., 2016, 

Whichello, et al., 2020). Overall, the rating techniques do not have a problem of consistency 

since they do require respondents to compare the criteria. However, the difficulties to compare 

results across individuals and to consider tradeoffs make these approaches impractical. 

Among the pairwise comparisons, the analytical hierarchy process (AHP) method and its 

extensions has been extensively used (Saaty, 1977, Duke and Aull-Hyde, 2002, Goméz-Limon 

and Atance, 2004, Mühlbacher and Kaczynski, 2016, Ajibade, et al., 2021). During the 

comparisons, the respondents are requested to rate the level of importance of one criterion over 

the second one. The (𝑛 × (𝑛 − 1) 2⁄ ) comparisons are reported in a symmetric comparison 

matrix, whose eigenvalues serve as a basis for the calculations of the respondent weights. The 

technique can be cumbersome when the number of items to rank is large. Besides, the 

techniques relies on comparisons along a given scale, e.g., attribute 𝑎1  is twice as important as 

𝑎2. However, due to limited rationality or errors, respondents can be inconsistent, e.g. 𝑎1  is 

deemed twice as important as 𝑎2, and 𝑎2  twice as important as 𝑎3, but 𝑎1 is as important as 𝑎3 

(Brunelli, 2017). One possible strategy used in AHP, especially when evaluating group 
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rankings, is to detect respondents who were too inconsistent and to discard them as “non-

rational”. Another possible strategy is to detect what comparisons are the most contradictory 

(Ergu, et al., 2011) and guide the decision maker to obtain sufficiently consistent preferences 

(Pereira and Costa, 2015). In both cases, we feel it undermines the respondents' initial 

assessments and imposes a certain "rationality" on them. The limited capacity to take into 

account inconsistencies without influencing respondents response also made these approaches 

impractical. 

The choice-based approaches, or choice experiments, do not rely on direct ratings but infer the 

strength of the preferences from how often respondents choose one object over other known 

objects, where each object is composed of a number of attributes. On the one hand, this 

approach has four distinct advantages. Firstly, respondents do not provide ratings; therefore 

there is less possibilities of different interpretation of the scale by different respondents and this 

increases the comparability of weightings across respondents (Louviere, et al., 2015). Secondly, 

the use of experimental designs allows us to ask much less than the (𝑛 × (𝑛 − 1) 2⁄  

comparisons. Individuals are given successive choices to be made among different 

combinations of objects and asked which of the options available in the different sets they 

would prefer (Louviere and Woodworth, 1983). Experimental designs are used to construct a 

manageable number of choices, usually 6 to 10 choice scenarios per respondents, and still allow 

for estimation of the preferences (See Street and Street, 1986 for additional information about 

experimental plans, Rose and Bliemer, 2009). Thirdly, weights inferred from the choices are 

interpreted as marginal values of  the respondents random utility (McFadden, 1973, McFadden, 

1974) so they are fully compatible with the MAUT approach which also reasons in terms of 

utility. Fourthly, since choice experiment is based upon random utility theory, it fully embraces 

the possibility that respondents may make mistakes (McFadden, 1973, Swait and Louviere, 

1993). On the other hand, choice experiments require large (> 100) surveys and mostly provide 

average population (or classes) weights. However, as the ultimate use of the results will be 

integrated in model of representative farm household, this is not a major concern.  

Given these important advantages, we used a choice based approach. However, there is a large 

diversity of choice-based approaches (Hensher, et al., 2015). MCDA practitioners have used 

two important developments. 

First, when the number of attributes to consider is high, full-profile comparisons are cognitively 

more difficult to perform, which may lead the respondents to give inconsistent responses, or to 
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use simplifying heuristics by rating only based on a few important attributes while disregarding 

the rest (Scarpa, et al., 2013, Hensher, 2014). Partial-profile DCE is often used in that case. The 

adaptive PAPRIKA method (Hansen and Ombler, 2008) has been widely used (for recent 

examples, see Jakubczyk, et al., 2021, Payini, et al., 2022). One of the reasons for its popularity 

is that it produces results even with small samples. While non-adaptive DCE designs will 

typically require a large sample of respondents to divide the necessary comparison questions, 

the adaptive PAPRIKA method can derive the full set of weights from just one respondent, 

while still keeping the choices easy to compare and number of questions manageable. To 

achieve this efficiency, the method utilizes the factor independence assumption and the 

transitive conservation of relationships (i.e., if A > B and B > C, then A > C) to implicitly solve 

a large proportion of the necessary discrete choice comparisons based on the participant’s prior 

response (Hansen and Ombler, 2008). However, the adaptive nature of the method can  actually 

inflate the impact of respondent’s initial errors. This approach may not be warranted when 

possibility of misunderstandings by respondents is high.  

Second, in order to gain more information per respondents, Finn and Louviere (1992) suggested 

that asking for both best and worst choices provides additional reliable information about the 

overall ranking of the objects. The method is often referred as the Best-Worst Scaling (BWS) 

approach where the terms “best” and “worst” are indicators that define the extremes of a latent 

subjective continuum (e.g., the most and least important, the most and least difficult, etc.). BWS 

is also underpinned by a theory about the processes that individuals might follow in providing 

best and worst data (Marley and Louviere, 2005). BWS allows obtaining information with a 

smaller sample, but it does not reduce the cognitive burden of the respondents as it require 

comparisons of all the attributes.  

Among the possible forms of BWS, the “Object BWS”, subsequently OBWS, corresponds to 

studies where the items being ranked, called objects, are not described by attributes that vary 

(Louviere, et al., 2015). The purpose of the OBWS is to rank each object on a latent subjective 

scale. The OBWS is particularly well fitted to answer our questions, as we want to obtain the 

relative importance of farmers’ goals when choosing household activities, where the goals are 

defined in broad terms and not differentiated by different levels of achievement of these goals. 

During an OBWS experiment, respondents are presented with several subsets of objects, and 

for each subset are required to make two choices: the best and the worst choices (or the most 

and least important goals, in our case). The number of objects per set and the number of subsets 
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presented to respondents is designed to gather information about the relative preferences for 

each respondent in a consistent and efficient manner. For OBWS, the number of objects per set 

and the number of set presented to respondent is usually designed using a balanced incomplete 

block design (BIBD) (Street and Street, 1986).  

OBWS data can be analyzed for either groups or individuals. For groups, one calculates the 

total number of times that each object of interest is chosen as best and worst across all 

comparison sets pooled for all the individuals of the group and derives some indicators of 

preferences (e.g., the best counts minus worst counts). Researchers who wanted to understand 

the diversity of rankings used various cluster analytic methods on the individual scores 

(Ochieng’ and Hobbs, 2016), latent class models (Loureiro and Arcos, 2012, Louviere, et al., 

2013) or random parameter models (Erdem and Rigby, 2013).  

Given the additional information gain, we opted for a BWS approach.  

2.2 Scale-adjusted Latent Class Models of OBWS 

The latent class models are based upon a utility-based theoretical framework (Marley and 

Louviere, 2005). With a standard latent class model, we can assign each individuals a 

probability of belonging to one of the C classes of homogenous preferences. It uses two sub-

models to calculate the probability that an individual will choose a specific alternative. The first 

sub-model estimates the probability that each individual will belong to classes, while the second 

sub-model estimates the class probabilities of choosing one alternative conditional on the 

preference parameters of each class.  

The probability of observing the respondent classifying the alternative j as most important 

attribute forms the basis for the construction of the likelihood function of the model to be 

estimated: 

 𝑃𝑟(𝑦𝑖,𝑗,𝑡 = 1) =∑ 𝑃𝑟(𝑦𝑖,𝑗,𝑡 = 1|𝑖 ∈ 𝑐) × 𝑃𝑟(𝑖 ∈ 𝑐)𝐶
𝑐=1  (1) 

Both sub-models use a multinomial logistic formulation. The probability 𝜋𝑐 that respondent i 

belongs to class c is represented by a multinomial logit: 

 Pr(𝑖 ∈ 𝑐) = 𝜋𝑐 =
𝑒𝑥𝑝(𝜃𝑐

′.𝑍𝑖)

∑ 𝑒𝑥𝑝(𝜃
𝑐′
′ .𝑍𝑖)

𝐶
𝑐′=1


; 𝑐 = 1,… , 𝐶 (2) 
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where Zi  is a vector of observable characteristics of individuals related to class membership 

(Greene and Hensher, 2003).  

The probability that an individual i belonging to a specific class 𝑐𝜖{1, … , 𝐶} will choose one 

alternative 𝑗𝜖{1, … , 𝐽} proposed in choice situation t is written as (Greene and Hensher, 2003): 

 𝑃𝑟(𝑦𝑖,𝑗,𝑡 = 1|𝑖 ∈ 𝑐) =
𝑒𝑥𝑝(𝜆.𝛽𝑐

′ .𝑋𝑖,𝑗,𝑡)

∑ 𝑒𝑥𝑝(𝜆.𝛽𝑐
′.𝑋𝑖,𝑗′,𝑡)

𝐽

𝑗′=1

 (3) 

where yi,j,t is an indicator variable that takes the value 1 when respondent i chooses the 

alternative j and 0 otherwise, 𝑋𝑖,𝑗,𝑡 is a vector describing the attributes of the choice situation, 

and 𝛽𝑐 is a vector of utility parameters specific to class c  

The response variance is inversely related to λ, known as the scale parameter, and is interpreted 

as a measure of the lack of certainty of respondents when making choices (Swait and Louviere, 

1993). Under standard latent class approach, each class c has its own unique preference 

parameters which are estimated under the assumption λ = 1 for all respondents.  

To account for the heterogeneity in the certainty of responses,  Magidson and Vermunt (2007) 

proposed a scale-extended model latent class model: 

𝑃𝑟(𝑦𝑖,𝑗,𝑡 = 1|𝑖 ∈ 𝑐, 𝑠) =
𝑒𝑥𝑝(𝜆𝑠. 𝛽𝑐

′ . 𝑋𝑖,𝑗,𝑡)

∑ 𝑒𝑥𝑝(𝜆𝑠. 𝛽𝑐′ . 𝑋𝑖,𝑗′,𝑡)
𝐽
𝑗′=1

 

where c is a preference class, and s is a scale class. As an example, if we have two classes of 

preferences and two scale classes, we have four joint classes with associated probabilities 

(Table 1).  

Table 1: Example of scale-extended latent class model with two preference classes and two scale classes: allowing for 

the estimation of four classes of weights. 

 Scale classes 

Preference classes 𝜆1 = 1  

(for identification purpose) 

𝜆2 

𝛽1 = (0.1, 0.5,0.4) 𝛽 = (0.1, 0.5,0.4) 𝛽 = (0.1𝜆2, 0.5𝜆2, 0.4𝜆2) 

𝛽2 = (0.3, 0.1, 0.6) 𝛽 = (0.1, 0.5, 0.6) 𝛽 = (0.1𝜆2, 0.5𝜆2, 0.6𝜆2) 
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This formulation allows the distinction between heterogeneity in the preferences (the weights 

attributed to each objective) and the uncertainty about these weights.  

To summarize, the analysis of OBWS will allow us to elicit farmers’ weights for the different 

objectives using a small number of simple tasks. The OBWS data are more amenable to 

comparisons across respondents, as they do not require any ratings. Finally, the Scale-adjusted 

Latent Class Models should improve our capacity to separate classes of weights since they allow 

for the possibility of less consistent answers across the different tasks. The latent scale approach 

assign a probability of belonging to the different classes, and therefore allows a discussion of 

the socio-economic factors related to the identified classes of weight. 

3 Designing the Best–Worst Scaling experiment 

3.1 The Lao case study 

Xieng Khouang (XKH) province is located in the northern part of the Lao People's Democratic 

Republic. During the 2000s land use changed quickly. Hybrid maize cultivation replaced 

traditional upland rice, gardens, orchards and also expanded on forests and fallows areas 

(Castella, et al., 2012). These changes are a direct consequence of the increased demand for 

meat products in South-east Asia and the resulting increased demand for maize for animal feed 

industry. Vietnamese agricultural traders introduced hybrids cultivars of maize in the region, 

hence favouring the rapid replacement of the slash-and-burn-based upland rice cultivation with 

hybrid maize crops. Mechanical ploughing and herbicide use began to be common practices 

linked to the increased benefits of improved hybrid maize (Castella et al. 2012). The costs of 

ploughing services could therefore be covered by the sale of maize; this encouraged the 

abandonment of rainfed rice and of the fallow system traditionally used to manage weeds in the 

uplands. All of these transformations appear to be intensification and a simplification of the 

cropping systems.  

Kham district was selected as a typical example of the XKH’s agricultural intensification and 

its consequences. Kham district is characterised by relatively fertile soils, good accessibility 

and a microclimate conducive to various commercial crops such as pepper, vegetable, chili, 

maize. The simplification of the landscape and this rapid agricultural transition generated 

negative environmental impacts such as soil erosion, siltation of the lowland, weeds invasion, 

and water contamination with herbicides. The inadequate use of inputs or ploughing service 

may also have serious economic impacts like household indebtedness (Jobard, 2010). Climate 
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change will further increase farmers’ challenges in the future: average temperatures are likely 

to rise (+2°C), rainfall is likely to be more intensive leading to more erosion and nutrients 

leaching, and the frequency of extreme weather events is likely to rise.  

We selected 6 villages of the Kham basin (Dokham, Laeng, Le, Houat, Xay and Nadou) 

constrasted in terms of ecological zone, road accessibility and village size.  

3.2 Elicitation of farmers goals 

The first step of the research was to obtain reliable information about the main goals used by 

farmers. We opted for an indirect elicitation of farmers’ goals based on individual interviews 

conducted with 20 farmers in four villages. We used serious games to reveal farmers' objectives 

as they can reveal more salient information than direct household interviews (Cash et al., 2003).  

For a full description of the game structure and methodology, the work of Lairez, et al. (2020) 

may be consulted. Based on these interviews, we collected 20 goals that were combined into 7 

goals because they were formulated in very similar terms (Table 2).  

Table 2 : Final list of objectives potentially guiding agricultural household choices  

 Objective General Description 

TR Having a transmissible farm capital Having enough farm assets to transmit to the next generation 

HI Having high incomes punctually (even 

discontinuous) 

Select activities that allow high income at least once in a 

year  

RI Having regular incomes (even small) Select activities that provide regular income (daily, weekly, 

monthly) 

LC Minimize cash out Select activities that need less “investment” or cash-out 

during the year. 

LL Reducing work & efforts Select of set of activities that would reduce the need for 

important quantity of work, or to reduce the hardship/effort 

of the work 

RR Reduce risk by diversifying  Select a set of activities so that when the income of one 

activity is not good, I will have other activities to 

compensate. It could be with in/ off-farm activities.” 

SU Being self-sufficient in rice Being able to produce rice in sufficient quantities to feed the 

household for one year (without having to buy outside) 

 

3.3 Experimental design 

To construct the sets of goals to be evaluated by farmers, a balanced incomplete block design 

(BIBD) was used. A BIBD is an experimental design which produces fixed set sizes and ensures 
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equal occurrence and co-occurrence of objects across all comparison sets (Street and Street, 

1986). This helps minimizing the chance that respondents make unintended assumptions about 

the objects based on the aspects of the design. The design retained ensured that each of the 

seven scenarios contained three goals, each goal appeared three times, and co-appeared once. 

The final sets (Table 3) were obtained using the R package Algdesign (Wheeler, 2004). 

From May to July 2017, we interviewed 120 households selected from the 6 studied villages. 

The selection of the households followed a procedure equivalent to the one described in section 

3.2. At the beginning of each interview, the goals were presented and discussed with the farmer 

until they felt comfortable with the concepts. To ensure mutual understanding, each goal was 

illustrated by some drawing, and each drawing had a caption describing it in a few words (in 

Lao). Then, we opened successively, seven envelopes each containing 3 goals, according to the 

BIBD design. The order of the envelopes and order of the different goals presented on a table 

to the farmer were random to avoid possible biases linked to these orderings.  

Table 3 :  Scenarios presented to farmers using a Balanced Incomplete Block Design   
 

Goal 1 Goal 2 Goal 3 

Set 1 HI LC RR 

Set 2 RI LC LL 

Set 3 TR HI RI 

Set 4 TR LL RR 

Set 5 TR LC SU 

Set 6 HI LL SU 

Set 7 RI RR SU 

TR: Having a transmissible farm capital; HI: Having high incomes punctually (even 

discontinuous); RI:  Having regular incomes (even small); LC:  Minimize cash out; LL: 

Reducing work & efforts ; RR: Reduce risk; SU: Being self-sufficient in rice 

 

For each set, the farmers were asked first to choose the most important goal (the “best”) guiding 

their farming household decisions for the coming five years (choice of activities, technical 

choices, investments, etc.). Once the farmer identified the most important goal, it was removed 

and the farmer had then to identify the least important goal (the worst). This procedure 

somehow forced a sequential best-worst type of choice process.  
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3.4 Data analysis 

3.4.1  Analysis of the average ranking 

To evaluate the average ranking, the choices from all the respondents are pooled into one set 

and the following indicators are calculated for each goal: (a) B: the number of times it was 

mentioned as the most important, (b) W: the number of times it was mentioned as the least 

important, (c) the standard score: SS = (B-W)/(N*3) (where N is the number of surveys, and 3 

reflects the fact that each objective is presented three times to respondents), (d) the analytical 

best–worst: 𝐴𝐵𝑊 = 𝐿𝑜𝑔(1 + 𝑆𝑆) 𝐿𝑜𝑔(1 − 𝑆𝑆)⁄  (Marley, et al., 2016), and finally (e) the ratio 

scores 𝑅𝑆 = √𝐵/𝑊 scaled by a factor such that the numerically highest RS takes the value 

100. ABW is anticipated to provide better fits to the aggregate choices (Lipovetsky and Conklin, 

2014; Marley et al., 2016), and RS to provide an indicator of the relative importance of the 

different objectives (Louviere et al., 2015). 

3.4.2  Heterogeneity of rankings 

The indicators described in the previous section were also calculated for each farmer, and used 

to evaluate the heterogeneity of rankings for each goal (univariate analysis) and the presence of 

homogenous groups of rankings in the population. The standard deviation of the individual 

BWS scores provide an indication of the extent to which choices made by farmers during the 

BWS experiment were consistent or whether those choices exhibited heterogeneity. To 

establish the extent of heterogeneity, the individual standard deviation to individual mean of 

B–W score is utilized (Stdev/Mean). High absolute ratios of Stdev/Mean signal greater 

heterogeneity, while absolute ratios that are close to zero indicate high levels of agreement with 

respect to the importance of the goal.  

The scale-adjusted latent class model presented in the theoretical framework was further 

adapted to use the best as well as the worst choices. As the farmers were first asked to choose 

the most important objective among three possible choices, then asked to choose the least 

important objective among the remaining two objectives, we aggregated the two successive 

choice situations, the first one where the chosen objective (among three) had a positive impact 

on the utility, and the second one (the least important among the remaining two) where the 

chosen objective have a negative impact on the utility (Louviere, et al., 2015).  

We tested the existence classes with different scale parameters, meaning that some respondents 

may be more certain about their choices than others, even if they have the same weights. Finally, 



14 

 

we tested models where the scale parameters are potentially different when considering the 

“most important” and the “least important” choices. The last type of model would correspond 

to a situation where farmers, in general, would have a different level of certainty for the two 

types of choices to be made.  

As described in Equation 2, we also tested for possible associations between the classes and 

structural variables describing the farm or the farm’s current activities (Table 4). In the first 

case, we wanted to test whether some of the farmers’ objectives could be associated with their 

socio-economic conditions or life-stage. Some correlations would mean that typologies of the 

structure of farms would be helpful to predict farmers’ objectives. In the second case, we tested 

possible correlations between what farmers stated as important objectives and what they 

actually do. For example, it would be expected that farmers including the development of 

activities generating regular income would actually develop these activities more than farmers 

in the other groups. 

Table 4:  Covariates associated with preference classes and related hypotheses 

No Covariates Hypotheses made 

1 Age Younger household heads are less concerned about transmissibility; and may be 

more concerned with labour and cash constraints 

2 Family Labour (FL) Households with large work force are less concerned with the labour constraints.  

3 Family Size (FS) More mouth to feed should increase the concern for food sufficiency 

4 FL / FS Households with large work force are less concerned with the labour constraints. 

5 Cultivated area (CA) Higher cultivated area should reduce the concern for self-sufficiency 

6 Paddy Area (PA) Household with larger paddy area less concerned with food self-sufficiency 

issues.  

7 FL/CA Higher family labour per cultivated area may reduce concerns for labour 

requirement 

8 MAIZE /CA % of maize in the cultivated area 

9 MAIZE/FL Maize area per family labour 

10 MAIZE/FS Maize area per mouth to feed 

11 Cattle No of cattles 

12 Cattle / FS No of cattle per mouth to feed 

13 Tot income / FS Income per mouth to feed 

14 Weaving income Income generated by weaving activities 

 

The scale-adjusted latent class model of the joint best and worst data was run using Latent 

GOLD 5.1 (Vermunt and Magidson, 2016). 
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4 Results 

4.1 Average rankings 

The average rankings are presented in Table 5. The results indicate that farmers place a very 

high value on being rice self-sufficient through their farming activities alone. Although most 

farms on the area are now connected to markets and can rely on them for household food supply, 

they still want to be self-sufficient in terms of rice production. The second most important goal 

was the transmission of a farm capital to the next generation. As such, it suggests that farmers 

are concerned about the long-term sustainability of the activities they develop.  

Another important goal was the development of activities that could provide a regular income 

to ensure a steady supply of cash to the household. However, this objective was ranked at a 

much lower importance on the 0-100 SRS scale. Similarly, reducing risks through 

diversification of activities, generating higher cash income and reducing labor and cash 

requirements appeared to be less important goals, on average, for decision making. These 

results should be interpreted with caution and do not mean that farmers do not take into account 

these lower ranking goals. Given the underlying choice model we used, the results should be 

interpreted in terms of the trade-offs that farmers are likely to make when considering new 

activities, e.g. an activity that would reduce the household rice self-sufficiency would have to 

demonstrate very significant improvements in terms of reduced labour  (or cash) requirements 

before being considered by the farmers. 

Table 5: Sample average ranking indicators of the different goals 

The mean and standard deviations of individual (B-W) indicators are presented in Table 6. The 

results suggest a relative consensus for the objectives SU and TR as very important, and LC 

Goals Ba Wb SSc ABWd SRSe 

SU: Self-sufficient rice production 220 44 0.49 1.07 100.00 

TR: Transmittable farm capital  199 49 0.42 0.89 90.12 

RI: Regular income (even small) 113 113 0.00 0.00 44.72 

RR: Reduce risk by diversifying 89 139 -0.14 -0.28 35.79 

HI: High income (even if irregular) 71 124 -0.15 -0.30 33.84 

LL: Low Labour requirements 75 172 -0.27 -0.55 29.53 

LC: Low cash requirements 73 199 -0.35 -0.73 27.09 

a B: number of times a goal was mentioned as the most important 
b W: number of times a goal was mentioned as the least important 
c SS: Standard score =  (B-W)/(N*3) 
d ABW:  Analytical best–worst  =(Log(1+SS))⁄(Log(1-SS))  
e SRS: Standard ratio scores where RS=√(B/W)  is scaled  



16 

 

(low cash requirement) as being less important and greater variability for the other objectives 

(RI, RR, HI, and LL) among different households. This suggests that different groups of 

preference may be present and will mainly be contrasted by the importance they attach to these 

four goals. 

Table 6:  Mean and standard deviations of individual (B-W)a indicators 

4.2 Scale-adjusted latent class analysis 

We ran 16 different models varying the number of preference classes from two to five, the 

number of scale classes (0 or 2), and the possibility of different scale factors when treating the 

best and the worst scenarios. Standard procedures (Log Likelihood, plausibility and 

significance of classes) and information criteria scores were used to select the optimal number 

of classes within the data. In particular, the Akaike Information Criteria 3 (AIC3) was given 

special attention since results of Andrews and Currim (2003) suggest that it is a better criterion 

than BIC and AIC for determining the number of latent classes in choice models. Based on 

these criteria, we selected a model with four preferences classes, two scale classes and a 

different scale between the best and worst choices. The results of this model are presented in 

Table 6.  

The log-scale factor for preferences was significantly different from zero.1 The scale classes 

differentiate farmers give the same weights to the different objectives but differ in the 

consistency of their answers. The results suggest that the probability to give less consistent 

answers was 30%. Lower consistency could be related the difficulty of making choices or to a 

misunderstanding about the objects to be compared.  

 
1 For model identification, the log-scale factor associated with the first preference class was set to 0. 

Objectives M 

mean of  

(B-W)a 

S 

standard deviation of 

(B-W) a 

S/M 

Self-sufficient rice production 1.47 1.47 1.00 

Transmittable farm capital 1.25 1.40 1.12 

Regular income (even small) 0.00 1.67 >1000 

Reduce risk by diversifying -0.42 1.49 -3.57 

High income (even if irregular) -0.44 1.53 -3.46 

Low labour requirements -0.81 1.48 -1.84 

Low cash requirements -1.05 1.42 -1.35 
a B is number of times a goal was mentioned as the most important, and W is number of times a goal was mentioned 

as the least important 
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The log-scale factor for the worst choices was significantly less than zero2. This suggests that 

the choice of the least important goal is only exp(-.291) = .74 times as consistent as the choice 

of the most important goal. This suggests that farmers had more difficulty in choosing the least 

important goal than the most important goal. On this aspect, the interviewers felt that the 

farmers tended to take more time to express their least important goal, but they did not record 

these times systematically. 

In order to present a comparable ranking between the classes (e.g. on a scale of 0 to 1), and to 

avoid conveying the idea that a negative coefficient would mean a “negative importance” when 

it only means a less important goal, the literature suggests commenting on the probability:  

𝑃(𝑗|𝑐) =
exp(𝛽𝑐𝑗)

∑ exp(𝛽𝑐𝑗′)
𝑘
𝑗′=1

.  

𝐏(𝐣|𝐜) can be interpreted as the estimated choice probabilities by members of class c to choose 

the objective j as the best objective. They are presented in Table 7. 

Table 7: Log likelihood estimates of the scale-adjusted latent class model of the joint best and worst data 

 

  

 
2 For model identification, the log-scale factor associated with the most important choices was set to 0. 

Attributes CL1 s.e. CL2 s.e. CL3 s.e. CL4 s.e. 

Class size 43%  20%  19%  18%  

SU 1.64 0.255 1.70 0.370 1.01 0.256 0.30 0.215 

TR 1.16 0.199 2.05 0.426 0.59 0.213 0.55 0.208 

RI -0.01 0.148 -0.01 0.238 -1.68 0.400 1.56 0.333 

RR -0.29 0.162 -1.61 0.362 -0.04 0.221 0.48 0.242 

HI -0.70 0.177 -0.37 0.254 0.81 0.213 -0.76 0.284 

LL -0.39 0.166 -1.47 0.413 -0.71 0.276 -0.48 0.262 

LC -1.39 0.242 -0.29 0.235 0.01 0.229 -1.63 0.387 

Scale Models  Overall s.e. Wald p-value 
   

Worst log-scaling factor -0.291 0.075 15.138 1.0E-04 
   

Preference log-scaling Factor -1.037 0.258 16.222 5.6E-05       

Log-likelihood -1226.44 p= 0.000 
      

AIC3 2650.87 
       

SU: Self-sufficient rice production; TR: Transmittable farm capital ; RI: Regular income (even small); RR: Reduce risk by 

diversifying; HI: High income (even if irregular), LL: Low Labour requirements; LC: Low cash requirements 
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Table 8: Ranking presented as probabilities  

Attributes CL1 CL2 CL3 CL4 

Class size 43% 20% 19% 18% 

Self-sufficient rice production 0.38 0.30 0.26 0.13 

Transmittable farm capital 0.25 0.41 0.19 0.16 

Regular income (even small); 0.10 0.08 0.04 0.37 

Reduce Risk by Diversifying 0.08 0.03 0.11 0.15 

High income (even if irregular) 0.06 0.06 0.22 0.06 

Low Labour requirements 0.09 0.04 0.07 0.07 

Low cash requirements 0.04 0.08 0.12 0.04 

 

We can make general comments on the rankings. Firstly, the SU goal is considered the most 

important goal for two classes (63%) and  the second most important for the class 2 (20%) 

where it is considered only with TR. This is consistent with the calculated average rankings. 

Second, the TR goal is considered the most important for class 2 (20%) and the second most 

important for the other classes. Again, this result is consistent with the overall high average BW 

score for this goal. A third set of goals is related to the regularity of the flow of cash incomes 

(RI, HI) and to the reduction of risks taken (RR). These goals were, on average, ranked as less 

important than the two previous goals, but their ranking varied across classes. Therefore, these 

goals are very useful to differentiate farmers. Farmers in classes 1 and 2 do not consider any of 

these 3 goals as important, while Class 3 and 4 clearly differentiate farmers with opposite views 

about RI. Finally, low labor or low investment requirements were often ranked as less important 

than the other goals.  

The results also allow the identification of contrasted preference classes. The parameters of 

farm and household characteristics influencing the probabilities of the classes are presented in 

Table 8 to facilitate their interpretation. This table does not include the variables PA/CA (paddy 

areas expressed as a percentage of cultivated areas), and PA/FS (paddy area per mouth to feed) 

as their coefficients were not significantly different from zero in the probability model of the 

latent class, and were removed from the analysis. For these two variables, we conducted an 

ANOVA to compare their means across classes, where each farmer was assigned to a class, i.e. 

the one with the highest unconditional probability. Only the variable PA/CA had different 

means across classes (Table 10) but at the 90% probability level. We also compared the 

proportion of farmers using fertilizers or herbicides on their paddy and maize fields across 

classes to assess the possible relationships between goals and production intensification (Table 

11). We compared the proportion of farmers with grazing areas across classes to assess the 
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relationship between goals and the choice of raising grazing animals (Table 11). Finally, we 

also assessed the relationship between goals and the choice of having significant weaving 

activities (Table 11).  For this last criterion, we classified farm households as having significant 

activities when that activity represented more than 10% of the household income. 

For the first class, the two most important goals are SU and TR. The other goals with a lower 

relative ranking are RI, LL, and RR. Farms of this group are associated with lower percentage 

of paddy and higher maize areas. With smaller paddy areas (mainly a result of their constrained 

access to land and water), these farmers ranked rice production as an important goal. These 

farmers could increase their rice production by using more external inputs on their paddy fields. 

Farmers in this group have relatively less family labor per cultivated area and they also 

considered the reduction of labor requirement among the secondary goals. Table 11 suggests 

that a higher proportion in farmers of this class use herbicides compared to all other classes 

(related to the labor goal) and fertilizers compared to Class 2 & 3 (related to the rice sufficiency 

goal). In addition, many farmers in this class have a high proportion of their income coming 

from weaving activities. This class is representative of the farmers who have made a transition 

from upland rainfed rice to maize, which has allowed them to increase their income and 

intensify their paddy rice through less labor-intensive maize crop.  

The second class listed TR and SU as its most important goals. Other goals, although considered 

much less important, are probably also taken into account, especially RI and LC. These farmers 

are older, have larger families and workforces than the other groups, and devote a larger 

percentage of their cultivated area to paddy cultivation. They keep more cattle than groups 1 & 

4. This class is representative of farmers who have fewer problems with rice production (partly 

because of their larger share of paddy fields), but who do not rely on maize production (or are 

gradually reducing it) and who replace maize with grassland to raise livestock (Table 9). A 

higher proportion of farmers in this group use herbicides on maize3 even if they have more 

workforce available for manual weeding. They also did not indicate the reduction of labor was 

an important objective, which could be interpreted as a willingness to prioritize the work in rice 

fields (SU important) at the time of the peak of work at the beginning of agricultural season 

rather than for manual weeding of maize fields.  

Farmers in class 3 farmers can be described as “constrained optimizers”. They consider a larger 

number of distinct goals, with a better balance between the different objectives. SU is 

 
3 One should note however, that all the groups have low proportion of herbicides users. 
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considered an important goal. However, they also consider the production of high income 

generating activities as their second most important goal. TR / RR/ LC are also likely to be 

considered. They have less paddy and maize land than the other groups, but a higher number of 

cattle than class 1. In short, these farmers are trying to find activities that produce high incomes 

while keeping in mind their constraints (rice sufficiency, cash constraints, risk).  

Finally, farmers in the fourth class could be described as “risk-averse farmers”. Their main 

goals are the production of regular incomes (RI) and the diversification of activities (RR). Other 

important goals are the transmission of farm assets and the reduction of labor requirements. 

Although SU is not the highest priority, a higher percentage of their cultivated area is devoted 

to rice. However, the land they cultivate are smaller and use of fertilizers which seem to indicate 

they have solved the issue of rice production for the household. This class comprises younger 

farmers; they keep more cattle than the classes 1 and 3, and also have weaving revenues 

(although to a lesser extent  than class 1); these activities are compatible with their main goals 

(RI, and probably TR and LL).  

Table 9: Coefficients of the farm and farm household information in the Class Probability model 

Covariates Class1 s.e. Class2 s.e. Class3 s.e. Class4 s.e. 

Age -0.16 0.07 0.29 0.12 -0.01 0.06 -0.12 0.06 

Family labour (FL) -0.30 2.00 3.60 2.38 -5.15 1.65 1.86 2.50 

Family size (FS) -2.17 1.35 0.99 1.34 2.84 1.37 -1.66 1.42 

Cultivated area (CA) 3.35 2.15 -0.03 1.73 0.46 1.78 -3.78 1.59 

FL/CA -4.44 5.55 -0.18 4.87 11.86 4.45 -7.24 7.48 

FS/CA 4.02 2.41 3.03 2.51 -9.31 3.42 2.26 3.15 

Maize Area /CA 4.28 8.59 4.07 9.37 14.67 9.94 -23.01 8.52 

Maize Area /FS 18.58 14.76 -23.28 14.91 -12.22 13.47 16.92 10.25 

Cattles 0.14 0.79 -1.45 0.64 -0.22 0.42 1.53 0.54 

Cattles/FS -9.32 4.06 12.87 4.25 2.33 2.37 -5.87 2.88 

Income/FS 0.06 0.17 0.11 0.19 -0.54 0.22 0.37 0.16 

Weaving income 0.61 0.23 0.01 0.14 -0.55 0.26 -0.06 0.17 

Note: When using Latent Gold, the sum of the coefficients for one variable across classes is set to zero to obtain model 

identification 
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Table 10: Comparison of means of the variable Paddy area / Cultivated Area across classes using ANOVA 

Class 1 2 3 4 

Mean† 0.29a 0.42b 0.31a 0.38b 

St. Error 0.16 0.25 0.16 0.13 

F value= 3.412     Pr(>F)  = 0.0199  

† Letters indicate statistically different groups by HSD Tukey at 90% 

 

Table 11: Test of association between farm activities and classes 
 

Class 1 Class 2 Class 3 Class 4 p value† 

Farmer used herbicides in paddy fields 0.25 0.05 0.1 0.14 0.147 

Farmer used herbicides in maize fields 0.25 0.65 0.68 0.5 0.001 

Farmer used chemical fertilizers in paddy fields 0.74 0.59 0.62 0.86 0.18 

Farmer used chemical fertilizers in maize fields 0.58 0.56 0.45 0.53 0.811 

Farm has pasture fields 0.25 0.65 0.68 0.5 0.001 

Farm household has significant weaving activities†† 0.19 0.04 0 0.05 0.042 

† Fisher's exact test for count data  
†† Significant weaving activities when they represent more than 10% of the household income 

 

5 Discussion and conclusion 

The analysis presented in this paper is a first step in understanding farmers’ goals and their 

relationship to current activities. We developed a methodology to identify and rank the goals 

farmers pursue when taking decisions based on a BWS experiment. The main strength of BWS 

is that farmers were not asked to rate different goals directly, but to identify the most and the 

least important goals for carefully designed sub-sets of goals. The methods ensure that rankings 

are comparable across respondents and allow the classification of farmers according to their 

goals ranking. The methodology was simple to establish and could provide rapidly some first 

insights about the diversity of farming styles useful for researchers and extension workers.  

The analysis involved a random sample of farmers of the Xieng Khouang province in Laos. 

The results suggest farmers’ are very concerned about the sustainability of their farms. This 

could be associated with recent integration to markets that may not deliver on all its promises 

or with the environmental issues emerging from not poorly-mastered intensive cropping 

systems (Lairez, et al., 2020). We found that self-sufficiency in rice and transmission of 

productive assets to the next generation are the most important and consensual goals in the 

sampled population. The importance given to risk avoidance and cash flows was more disparate 

in the sample and largely defined the differences found between the latent classes. Finally, and 

contrary to our expectations, most farmers placed relatively low importance on the goals of 
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reducing labor and cash requirements. The methods also allowed to identify groups of farmers 

with homogenous “goal profile” that could prove useful when tailoring innovations to different 

farming styles.  

The analyses provided an overview of the different rankings of farm management goals in the 

study area. The results also provide interesting insights for the development of sustainable farm 

technologies or practices in the region. First, we noted that rice self-sufficiency was ranked 

highly by many farmers (especially for Class 1, 2 and 3 farmers). Any changes proposed to 

these farmers should take into account the impact on household rice production, the main staple 

food in the study area. Proposing alternative activities or strategies that would reduce rice 

production is likely to be ineffective, unless large gains in other goals are expected. In contrast, 

projects such as terracing sloping area to increase the rice production are more likely to attract 

their interest. This is consistent with other studies in mountainous areas of Southeast Asia (e.g., 

Jourdain, et al., 2014).  We also noted that the transmission of farm capital was often ranked 

highly. We associated this goal with farmers’ concern for the sustainability of their activities. 

While a large share of farmers considered these two goals to be very important, we found a 

diversity of rankings for the other goals. This is the case for the goals related to the attitude 

towards risks. The presence of different attitudes towards risk will be important in terms of 

technologies proposed to farmers of the region. While the presence of risk-averse farmers was 

not surprising, we also found that a fairly significant proportion of the sample did not consider 

risk avoidance to be their primary objective.  This is important, as risk is often seen as slowing 

the development of new technologies especially when little is known about their effects (Feder, 

1980, Greiner, et al., 2009). Farmers who are less concerned about the possibility of losses may 

be easier to convince to test and co-develop more sustainable practices in the early stages of 

development. 

Finally, most farmers placed relatively low importance on the goals of reducing labor and cash 

requirements. This result is unexpected as other studies suggest that farmers in mountainous 

areas of Southeast Asia face high labor or cash constraints (e.g., Affholder, et al., 2010, 

Alexander, et al., 2018). However, it should probably be interpreted with caution, as it does not 

mean these goals are not considered at all by farmers, but only that they would be given less 

importance. Additional surveys with farmers are needed to better evaluate their access to labor 

and credit markets, as this would influence their attitudes towards these two constraints. For 

example, the relatively low importance of labor constraints may also be related to the relative 
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difficulty for farmers to find off-farm opportunities in the region, making labor relatively 

available compared to the regions considered in the studies cited above. 

In terms of methodology, we have shown that some respondents were less consistent in ranking 

the different goals. This indicates that some of the farmers had more difficulties to respond than 

others. The modelling assumptions link this inconsistency to the scale parameter of the utility 

function. A higher level of inconsistencies is usually associated with lower understanding of 

the  tasks at hand. These difficulties could stem from the respondents (e.g., low education 

levels). Although not reported here, we did not find an association of this scale parameter with 

socio-demographic variables such as education level. The fact that surveys were conducted 

using translators (English to Lao to English) might explain partly these difficulties. Despite all 

the precautions made to describe the concepts (prior discussion and agreement on the concepts 

used, use of pictograms, etc.), some ambiguities could persist with at least some of the farmers. 

Difficulties in interacting with respondents are present in most development studies as 

researchers often interact with people of different languages and cultural backgrounds. 

However, the problem is seldom explicitly recognized and evaluated. Therefore, we consider it 

an advantage that our methodology allows us to assess the uncertainty of respondents' choices.   

Finally, the methodology is entirely based on the farmers’ stated reactions to a list of goals. 

However, relying solely on stated preferences can lead to a number of biases known to 

practitioners of choice experiments: social desirability bias, hypothetical bias, etc. A “cheap-

talk” script was discussed before the choice questions to encourage truthful answers. The results 

suggest that the class rankings are reliable as we found a number of logical links between the 

goal rankings and the activities. However, further research could also compare this ranking 

method based on “stated” comparisons of goals with other methods that infer these weights 

from observed decisions and farm modeling (Sumpsi, et al., 1997, Riesgo and Gomez-Limon, 

2006, Silva, et al., 2015). Other stated-preference methodologies such as Q-methodology 

(Alexander, et al., 2018) could also be used to compare these results. 
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