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My neighbour as myself? An experimental investigation of spatial patterns of risk 

preferences among smallholder farmers  

Abstract 

Farmers could be spatially clustered according to their risk attitude. Previous studies neither 

investigated such effects nor incorporated spatial terms in models examining risk preferences and 

attitudes. We examined decision-making under risk using a lottery-task experiment and then 

measured spatial patterns through spatial autocorrelation analysis and spatial regression models. 

The results indicate that there is a significant neighbourhood effect among farmers in the region. 

Specifically, farmers in proximity exhibit similar risk preferences. We tested the implication of the 

spatial distribution of risk preferences on self-confidence and found that willingness to take risks 

has a significant positive relationship with confidence in making adoption decisions. Failing to 

account for spatial distribution may have ramifications for interventions and policies as the 

opportunity for integration of mechanisms better suited for neighbourhood specific risk 

preferences may be missed. 

                                                           
1Corresponding author’s email: Toritseju.Begho@sruc.ac.uk 
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1. INTRODUCTION 

Risk preferences impact economic decisions (Rieger et al., 2011; Ambali, 2019). Recent evidence 

emerging from experiments measuring risk attitudes and preferences suggests that these studies 

are paramount to fully understanding the economic behaviour of farmers. Much attention has been 

focused on individual farmers' risk attitudes in the literature. While farmers may have 

heterogeneous preferences, the propensity for geographical neighbours to have similar risk 

preferences is not yet fully investigated.  

It is important to understand risk preference as most farm decisions are taken in the context of risks 

and uncertainties. It is a widely held view that smallholder farmers are generally risk-averse. It is 

argued that the risk attitudes of farmers (especially those in developing countries) limit them from 

attaining their productive potential (De Brauw & Eozenou, 2014). Risk aversion can prevent 

farmers from changing their status quo, even if it has the potential to improve their current 

situation. Thus, it is quite reasonable to assume that a farmer's risk attitude determines the quality 

of the decision made. There is evidence that risk attitudes have implications for several agricultural 

decisions, including nutrient management practices, the rate of adoption of agricultural 

innovations, farm diversification, insurance purchase and even involvement in government-driven 

programs (Livingston et al., 2010; Shapiro et al., 1992; Knight et al., 2003; Liu, 2013).  

Understanding farmers' risks attitudes is a prerequisite for accurate predictions of farmers' 

decisions and how they will react to interventions or new policies (Iyer et al., 2020). This 
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understanding could help influence how farmers individually or within a cluster make decisions 

and manage their operations. In turn, it will help improve farmers' livelihoods. 

Several studies have investigated the tendency of behaviour and character of neighbours to affect 

others. Specifically, agriculture-related examinations of spatial dependence are numerous. For 

instance, Richards (2018) examined spatial dependence in land-use change in Brazil. Holloway, 

Shankar & Rahman (2002) investigated spatial patterns in the adoption of high-yield varieties 

among Bangladeshi rice producers. Läpple & Kelley (2015) focused on spatial dependence in the 

adoption of organic dry stock farming in Ireland, while Levi et al. (2018) and Vroege et al. (2020) 

analysed spatial effects in farm investment decisions in France and farm diversification decisions 

in the Netherlands respectively. However, there are gaps in the literature considering spatial 

agglomeration in relation to risk preferences. For instance, not much is known about whether the 

constant interaction among farmers in a neighbourhood could have shaped their attitude with 

regard to farm decisions involving risk.  

This study is designed to accentuate the benefits of providing empirical evidence on whether or 

not farmers in proximity exhibit similar risk preferences. For example, results from this paper 

could help justify investigating if residing in more (climatic or economic) vulnerable zones drives 

farmers to be more risk-averse and potentially make decisions aimed at reducing further risks 

rather than maximising opportunities. Relying on the findings from the literature, considering its 

current scope may limit our understanding and pose a challenge to implementing interventions in 

the face of heterogeneity (as it is with the case of tailoring such interventions to individual farmers' 

needs otherwise). In addition, there are no investigations of the implication of spatial patterns of 

risk preferences on the economic decisions of farmers in the region. 
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Therefore, the objective of this paper is to investigate (i) the risk attitude of farmers, (ii) if risk 

attitude changes with stake size, (iii) whether there are spatial patterns in the risk preferences of 

smallholder farmers and (iv) to test if there are implications for economic decision-making. We 

hypothesized that agglomeration is present in risk preferences since farmers in a neighbourhood 

may rely on social networks when faced with economic decisions, and farmers may be clustered 

by culture, education, wealth, or age (among others) - attributes that have been found to influence 

risk preferences and attitudes. For this purpose, we employed a lottery-task experiment that 

allowed us to assess risk preferences, after which we considered the presence of spatial dependence 

using spatial autocorrelation analysis and spatial regression models. This paper also examines the 

geographic extent of the relationship between risk preferences and neighbourhood social networks 

independent of nationally defined administrative boundaries.  

Several findings in this paper corroborate previous studies, e.g., religion and road access between 

neighbourhoods influence risks preferences. The results also confirm that the size of the stake 

matters as farmers, on average, tended to avoid taking risks for small payoffs more than they 

avoided taking risks when presented with a larger payoff. Crucially, we found that farmers in a 

neighbourhood (up to 60 km) tend to have similar risk preferences when compared to more distant 

farmers. 

The paper is organized as follows. Section 2 describes the theoretical underpinning of the paper. 

Section 3 reviews the literature on risk attitude and its spatial dependence. Section 4 discusses the 

steps we take to model spatial dependence, the spatial autoregressive model, the source of the data, 

and the experimental procedure. In Section 5, we report the results and then discuss the findings 

in Section 6. Finally, section 7 concludes the paper. 
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2. THEORETICAL UNDERPINING 

This paper drew on the social network theory to extend the understanding of spatial patterns in 

attitudes and behaviour. Social network theory was predominantly associated with sociology, with 

the early use of the term credited to Barnes (1954). Much recently, it has become established in 

economics research. Social network theory and analyses evaluate patterns of social interactions 

and perceptions of social support from key relationships. Ferreira & Armagan (2011) defines social 

networks as a social structure made up of individuals connected in specific patterns and 

interdependent. According to Wasserman & Faust (1994), a social network consists of a set of 

social actors over whom one (or more) social relation(s) are defined. To farmers, social networks 

are communication conduits through which they exchange information, advice, knowledge, 

materials, and resources. Notably, this flow of communication has the potential to influence 

beliefs, attitudes, and behaviours. 

Studies (see Johnston & Pattie, 2011; Ward & Pede, 2015) suggest that the neighbourhood social 

networks that an individual is linked to are dominated by other individuals with similar attributes 

either in terms of their socio-economic, demographic, ideologies, attitudes, or behaviour. As a 

result, the interaction from one’s social network has the potential to either sustain or enhance an 

individual’s risk preference. From a different perspective, Hsee & Weber (1999) have shown that 

social networks could also have additional advantages as an individual that has networks could ask 

for support, e.g., in the form of financial help if they are in need. The implication is that such 

individuals that use social networks as a “cushion” are more likely to take financial risks. We 

followed previous studies (Matuschke & Qaim, 2009; Wossen et al., 2013) that examined social 

networks using proxies such as the number of relatives, friends and neighbours, plot location, 
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geographical distance of network members relative to each other, participation in peer training, 

membership of formal and informal associations, and ethnic and religion composition.  

Some studies, for example, Manski (1995) opine there exists behavioural imitation within social 

networks, which may be achieved through different pathways. For example, farmers in a social 

network may behave similarly because they face the same environments or common shock. On the 

other hand, being part of a specific social network may arise from self-selection based on their 

characteristics. This is referred to as a correlated effect in the literature. From the contextual effect 

perspective, there is the tendency for an individual's behaviour to differ depending on the 

background characteristics of the group that constitutes the social network. For instance, cultures 

that do not support risk-taking within a group could influence how these individuals process risk 

and react instinctively similarly when faced with risk. Finally, there is also the postulation of 

endogenous effect, in which case the group's behaviour affects the behaviour of the individual. 

Although we limited the theoretical basis in this paper to social networks, we acknowledge that it 

is only one (among many) of the processes that hold the potential to help us develop a better 

understanding of spatial dependence effects. Risk preferences may be spatially correlated because 

of the possibility that farmers in various neighbourhoods demonstrate similar socio-economic 

backgrounds. 

 

3 LITERATURE REVIEW  

3.1      Risk attitude of farmers 

A summary of the literature on risk attitudes of farmers indicates that several studies reported that 

farmers, on average, are risk averse (De Brauw & Eozenou, 2014; Iqbal et al., 2016). However, 
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there are also findings that suggest that farmers are significantly more risk tolerant in comparison 

to the general population. In addition, some studies also reported gender differences in risk 

aversion among farmers (for example, Liu, 2013; Olarinde et al., 2007). The implication is that 

risk averse farmers are more likely to avoid outcomes with higher expected payoffs if there are 

risks of losses attached.  

3.2      Spatial distribution of risk attitudes 

Analyses of the spatial distribution of data are popular in many disciplines. For example, Broll, 

Roldán-Ponce and Wahl (2010) investigation of the interaction between the spatial allocation of 

capital, geographical distance and risk preferences shows that the structure of risk preferences is a 

spatial fundamental. Jiang et al. (2020) examined spatial distributions of attitudes and preferences 

towards autonomous vehicles but did not find significant spatial distributions of risk attitudes 

towards autonomous vehicles. Doss et al. (2008) investigated spatial variation in risk perceptions 

in East Africa and found place variables to be strongly associated with variation in risk rankings. 

Other studies that observed spatial distribution of risk perception and attitudes include Pu et al. 

(2019); He & Zhai (2015) for air pollution in China and across East Asia, respectively. Argyris et 

al. (2019) summary further highlights the increasing recognition of the spatial distribution of 

several factors affecting risks. Across the literature, the studies mainly focused on risk perception 

with less investigation of risk attitude.  

Spatial dependence is increasingly being applied to agriculture research. But studies in the 

agricultural economics literature that focus on the spatial distribution of farmers by behavioural 

attributes are scant. Further, the number of studies that have progressed beyond location-specific 

to a space-based framework examining monetary-risk attitudes among farmers is scarce. This 

possibly is a spill-over of the scarcity of studies (particularly those with a focus on developing 
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countries) that measure farmers' risk attitudes. One of few studies, albeit in a developed country, 

is De Salvo et al. (2019) which show that significant spatial effects exist regarding risk probability 

perception among winegrowers in Italy, but the severity levels of risks were reported to be 

perceived differently.  

This paper identifies gaps and contributes to the literature in several ways. Individual behaviour 

of farmers in developing countries has not been sufficiently studied, and there are no studies on 

clusters of risk behaviours of farmers in sub-Saharan Africa. Besides, we contribute to the existing 

literature that examines the geographic extent of risk preferences while expanding the scope 

beyond nationally defined administrative boundaries within a country. We do not rely on data from 

convenience samples such as college students to approximate the risk attitude of other groups. We 

also adopt a lab-in-the-field elicitation task (the S-GG lottery-panel task) different from the popular 

structured choice list approach. The suitability of the S-GG lottery-panel elicitation method is 

discussed further in the paper.  

 

4. MATERIALS AND METHODS 

The literature is divided on the most suitable method to operationally define neighbourhood 

boundaries. While some studies favour fuzzy boundaries, on the other hand, many previous studies 

have relied on geographical boundaries such as countries, states, or counties. We argued that using 

geographical boundaries within-country may not represent ‘real’ neighbourhoods (being that it 

assumes no overlapping), lacks theoretical merit and could result in inaccurate conclusions. Thus, 

based on this argument, reasons to postulate that spatial patterns of risk preferences vary according 

to administrative boundaries within a country are limited. Crucially, Guo & Bhat (2007) have 
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justified why it is beneficial to define neighbourhood based on measurements of what matters to 

people over the area that matters to people. 

4.1 Defining Neighbourhood boundaries  

We defined neighbourhood in terms of physical distances rather than administrative boundaries. 

In doing so, we employed the spatial weight matrix based on distance (Anselin, 2002), wherein 

there are diminishing effects with distance. Specifically, the inverse-distance spatial-weighting 

matrix we adopted is composed of weights that are inversely related to the distances between 

farmers. This function is specified by: 

𝑾𝑖𝑗 =
1

𝑑𝑖𝑗
                      (1) 

𝑾𝑖𝑗 is the weights matrix, 𝑑𝑖𝑗  is the distance between observations in locations 𝑖 and 𝑗. 𝑾𝑖𝑗 is 

row-normalized such that the sum of any row is one. As the distance between subject 𝑖 and 𝑗 

increases, 𝑾𝑖𝑗 decreases thereby less spatial weight is allotted to the state pair when 𝑖 ≠ 𝑗 and vice 

versa. In all cases, 𝑾𝑖𝑗 = 0 for 𝑖 = 𝑗. We used the geographical point system (GPS) coordinate 

points (latitude and longitude) to define the distance between observation units (in kilometres). 

The other distance weight functions considered and tested in this paper include the binary distance 

matrix, power distance function and exponential distance weight. We chose the inverse distance 

function because it is easy to comprehend, efficient, and permits assigning different weights to 

neighbours (the shorter the distance, the more the weight - implying the closer the neighbourhood, 

the more the influence). Assuming an equal number of neighbours as k-nearest neighbours may be 

inappropriate because the number of sampled farmers varied across locations. Besides, its 

widespread use in the literature allows for compatibility between studies. 
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4.2 Examining correlation among neighbouring observations 

We measured the correlation among neighbouring observations by employing spatial 

autocorrelation statistical methods. Specifically, we estimated Moran’s I (Moran, 1950), a formal 

test for spatial clustering of any variable akin to Pearson’s correlation coefficient. However, the 

difference is that the sums in the numerator and denominator do not involve the same number of 

terms in Moran’s I as in Pearson’s r; only the terms corresponding to distances within the given 

class are considered in the numerator. This contrasts with all pairs considered in the denominator. 

We obtained the Moran’s correlation coefficient 𝐼 which measures the strength of spatial 

correlation between observations from: 

𝑂(𝐼) =
𝑛

𝑾

∑ ∑ 𝑤𝑖,𝑗𝑧𝑖𝑧𝑗
𝒏
𝒋=𝟏

𝒏
𝒊=𝟏

∑ 𝒛𝒊
𝟐𝒏

𝒊=𝟏

             (2) 

 

Where 𝑛 represents the total number of features, 𝑤𝑖𝑗 is the element in the spatial weight matrix 

corresponding to the observation pair 𝑖, 𝑗 (1 if 𝑖 and 𝑗 are neighbours and zero otherwise). 

𝑧𝑖
2 corresponds to the deviation of an attribute for observation 𝑖 from its mean (i.e., 𝑥𝑖 − �̅� ), while 

𝑾 is the sum of all 𝑤𝑖𝑗. 

𝑾 = ∑ ∑ 𝑤𝑖,𝑗

𝑛

𝑗=1

𝑛

𝑖=1

         (3) 

Moran’ I is transformed to Z-scores by  

𝑧𝐼 =
𝐼 − 𝐸[𝐼]

√𝑣[𝐼]
         (4) 

Where 𝑬[𝑰] represents −1/(𝑛 − 1) and 𝑣[𝐼] corresponds to 𝐸[𝐼2] −  𝐸[𝐼]2 
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The range of the Moran’s I values is approximately between −1 to 1. A positive Moran’s I value 

indicates that a set of values in neighbourhoods (in our case, risk preferences) are inclined toward 

spatial clustering. 

4.3 The Spatial Autoregressive Model 

In this paper, the main independent variable of interest is the risk preference of the other farmers 

in the neighbourhood defined across geographic scales ranging from 10km upwards. Our choice 

of the various distances (e.g., 10km, 20km and so on) used to generate the weight matrix is 

informed by the observation that, in our sample size, 10 km is approximately the minimum distance 

which ensures that each data point has at least one neighbour outside a defined administrative 

boundary. We examined the relationship between a farmer’s risk preference and the risk 

preferences of the farmer’s geographic neighbours by introducing the spatially weighted dependent 

variable 𝑦 as an endogenous regressor in the independent variable side of the equation. 

𝑦 = 𝜌𝑾𝑦 + 𝑿𝛽 + 𝜀                     (5) 

Where 𝑦 is the 𝑁 ×  1 vector of dependent variable (risk preference), 𝜌 denotes the spatial 

autoregressive parameter, 𝑾 is the spatial weight matrix which identifies neighbours of each 

farmer (but not including the farmer himself/herself). 𝑿 is the 𝑁 ×  𝐾 matrix of exogenous 

variables, 𝛽 is 𝐾 ×  1 regression coefficients associated with 𝑿, 𝐼 is an identity matrix with 𝑁 ×

 𝑁 dimension. The disturbance error, 𝜀 defined as 𝑁 ×  1 is assumed to be normally distributed. 

The diagonal elements of the weight matrix 𝑾 are zero. We did this to prevent ‘self-neighbour’. 

4.4 The spatial autoregressive error model 

The assumptions behind the spatial error model are that spatial autocorrelation arises from 

misspecifications of the functional forms or errors in measurement i.e., spatial dependence enters 

through the errors. To remedy this case, the original error term from OLS is thus modelled as an 
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autoregressive error term. We estimated a model with spatial autoregressive error term specified 

as:  

𝑦 = 𝑿𝛽 + 𝜀                     (6) 

𝜀 = 𝝀𝑾𝛽 + 𝑢                 (7) 

In which case 𝜀 is the 𝑁 ×  1 vector of spatial autoregressive error terms, 𝝀 represents the 

autoregressive parameter while other notations remain as specified earlier. The analysis was done 

using Stata 16.0 software. 

4.5. Data collection 

This study utilized experimental and survey data collected from 329 smallholder farmers in Nigeria 

in 2016. We dropped one respondent due to missing values. Thus, 328 fully completed 

observations were used in the analysis reported in this paper. The respondents were selected 

through multistage random sampling. First, from the four agricultural zones in the region, 

consisting of 20 blocks, two blocks from each agricultural zone were randomly selected. Thus, 8 

out of 20 blocks were randomly selected in the first stage. Second, a probability proportional to 

size was used to select cells from the eight blocks as the blocks had different numbers of cells and 

farmers. Block 1 consisted of 13 cells, block 2 (16 cells), block 3 (12 cells) and block 4 (13 cells). 

Of these cells, 3 were selected from block 1, 4 cells from block 2, 2 cells from block 3 and 5 blocks 

from cell 4. Accordingly, 91, 63, 88 and 87 respondents respectively were selected from blocks 1, 

2, 3 and 4. The selection of rice farmers was informed by the (lack of) adoption of the New Rice 

for Africa varieties (NERICAs) improved rice varieties in the region – a decision that is influenced 

by risk attitudes. 

The questionnaire used to collect the data for this study consisted of two parts. The first section 

involved farmers participating in an experiment which we describe further in this section. The 
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second part of the questionnaire was used to collect data on the farmer and farm characteristics. 

As part of the survey, we also collected data to test the social network hypothesis by including 

questions that we used as proxies for social networks. These include membership of farmers’ 

associations, community participation, membership of other non-farm associations and road access 

between neighbourhoods. 

We elicited risk preferences through farmers’ choices in an experiment known as the S-GG lottery-

panel task developed by Sabater-Grande and Georgantzis (2002). The experiment is set up such 

that a task comprises 4 different panels consisting of 10 individual lotteries. Farmers were asked 

to pick only one option from each lottery panel. Each lottery had a payoff with a corresponding 

probability and nothing otherwise. As shown in Figure 1, the corresponding probability of 

obtaining the payoff decreases with each increasing payoff in a panel. For instance, the farmer has 

the option of 225 for sure (100 per cent) or spanning up to 2251 with a 10 per cent chance of 

obtaining that high payoff or nothing otherwise.  

Considering the challenges surrounding the understanding of probabilities by smallholder farmers 

with low numeracy skills common in developing countries, we adopted coloured balls to convey 

the concept of probability that characterized the experiment. For example, farmers were informed 

that 10 (out of 10) blue balls represented 100 per cent and 1 blue ball (amid 9 red balls) corresponds 

to a 10 per cent chance. To ensure that the required level of understanding was attained, a different 

combination of balls was shown at random, and the farmer asked the percentage it represented. 

This process was repeated with an explanation until a full understanding was confirmed (i.e., 

determined by the point when no error was made by the farmer three consecutive times with a 

different combination of balls). We directly inferred risk preferences from the pattern of a farmer’s 

responses using the four choices made by respondents in each panel. Overall, the more farmers 
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liked to take risks, the further right was the lottery they chose and vice versa for farmers that 

disliked risk.  

[Insert Figure 1 here] 

4.6 Hypothesis 

We tested the null hypotheses of complete spatial randomness among farmers once differences in 

the observable characteristics of farmers are controlled. Specifically, 

H01: No spatial correlation in risk preferences 

H02: No spatial autocorrelation (𝜆 = 0), given the assumption that (𝜌 = 0) 

H03: No spatial autocorrelation (𝜌 = 0), given the assumption that (𝜆 = 0) 

 

5. RESULTS  

Risk preferences have proven to be a crucial factor in farmers' economic decision-making. This 

paper hypothesised that farmers with similar risk preferences might cluster in a location, and 

patterns of risk preferences could be spatially dependent. For this reason, we employed spatial 

regression models to investigate the spatial patterns of risk preferences among smallholder farmers 

in Nigeria. By examining decision making under risk using a lottery-task experiment and analysing 

its spatial pattern, the results reported here lend new perspectives to our understanding of farmers' 

decision-making. 

Risk aversion and stake size 

We found considerable heterogeneity in farmers’ risk preferences across the different monetary 

stakes. On average, however, farmers tended to avoid taking risks for smaller stake payoffs more 

than they avoided taking risks when presented with larger stake payoffs. This result confirms that 

the size of the stake matters. Although this result contradicts previous studies, a deeper 
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understanding of the underlying factors and their interrelations could shed some light on why 

farmers’ preferences deviate from a priori expectations. We postulated that this finding could be 

related to the wealth level of respondents. As the sample consists of small farmers among which 

72 per cent live below the poverty line of USD 1.9 a day, this could reflect interest to take more 

risks to earn a larger payoff which could have a significant impact on upgrading their status. We 

tested the null hypothesis that there are no differences between the means of small stake lotteries 

(hereafter SS) and large stake lotteries (hereafter LS) using a paired-samples t-test. There was a 

significant difference in the scores for SS (M = 0.80, SD = 0.14) and LS (M = 0.74, SD = 0.15) 

conditions; t (328) = - 6.79, p < .000.   

Spatial patterns in the risk preferences 

The degree to which risk preferences are spatially autocorrelated is tested using Moran's I 

coefficient. As discussed in section 3, statistically significant Moran’s I suggest that the likelihood 

is higher for residuals of nearer observations to be similar than observations located further apart. 

The results of the calculation of the global autocorrelation statistics for the risk preferences across 

the four categories of lottery tasks are summarized in Table 1. When farmers within a 60-kilometre 

radius of location i are considered as the neighbourhood, the results are statistically significant (I 

= 0.022, SD = 0.008, p < 0.01 for small stakes and I = 0.059, SD = 0.009, p < 0.00 for large 

stakes). Although the Moran’s I indicators suggest modest positive spatial autocorrelation in the 

risk preferences of farmers, it was significant enough not to disregard. The Moran I test statistic 

mean that we rejected the null hypothesis of no spatial correlation in risk preferences. This is 

predicated not only on the positive signs of the coefficients but also that the Moran’s I values are 

greater than the expected value (EV (I) = - 0.003) 
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We estimated four models, as shown in Table 2. Models I and II are spatial autoregressive models 

of risk preference for the small and large stake lotteries, respectively. At the same time, Models 

III and IV are spatial error models of risk preference for small and large stake lotteries, 

respectively. Likelihood ratio tests were performed to test the joint significance of the variables 

included in the estimated models. For all four models, the likelihood ratio statistics were 

statistically significant. This suggests that the explanatory variables, including the autoregressive 

variable in the estimated SAR and SEM models in Tables 1 and 2, are statistically important 

correlates of risk preference. Our reason for estimating the SAR and SEM models is to test the 

postulation that both forms of a spatial structure may exist. 

We performed a diagnostic for spatial dependence to compare SAR and SEM dependence, and the 

results are presented in Table 1. The result confirms that the spatial model is more appropriate than 

the standard aspatial model and corroborates many reported findings that neighbours tend to 

behave in similar ways when compared to distant individuals. Specifically, the spatial 

autoregressive parameter 𝜌 is significant at 1 per cent. Similarly, the spatial autoregressive 

parameter 𝜆 in the SEM model is significant at a 1 per cent level for both the models defined by 

the lottery’s stakes. 𝜆 treats the spatial dependence in the SEM as a nuisance. This result infers 

spatial autocorrelation exists in the data and confirms the appropriateness of the model over the 

standard aspatial model.   

[Insert Table 1 here] 

Using the Lagrange multiplier tests, we found that the Lagrange multiplier for the spatial lag has 

a greater significance defined by the larger test statistic value for both the small and large stake 

lottery models. We also estimated the robust Lagrange multipliers given that it is more accurate in 

model selection than standard Lagrange multipliers. Similarly, the robust Lagrange multiplier has 
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a larger test statistic value, thus implying that the spatial lag is more likely than spatial dependence 

arising from error processes in the data. Thus, we rejected the null hypothesis that there is no 

spatial autocorrelation at high significance levels (p < .000). The rest of the results and discussion 

focuse on the SAR model per the Lagrange multiplier tests statistics. 

The regression results indicate that positive spatial dependence exists in the data, as shown by the 

significant coefficients of the spatial lag in models I and II (in Table 2). The coefficient of spatial 

error measure the spatial association of risk attitude is related to the unobserved factor in the 

neighbourhood. Notably, the more distant farmers are, the less likely they will have similar risk 

preferences. The estimated ρ suggests that when the risk preference in surrounding areas changes, 

so does the risk preference of the focal neighbourhood, even when we adjusted for the other 

explanatory variables in our model. Overall, the results of the SEM are along the lines of the SAR9. 

The results also show that social network structures determined risk preference. Specifically, 

religion and road accessibility significantly influenced the farmer's risk preferences. The likelihood 

of risk-taking is higher among Christians. This finding corroborates Bartke & Schwarze (2008), 

that found that religious affiliation matters to risk attitude and particularly Muslims being less risk-

tolerant than Christians.  

[Insert Table 2 here] 

The implication of the spatial distribution of risk preferences  

To test an implication of spatial patterns of risk preferences among farmers, we examine whether 

a statistically significant relationship exists between self-confidence in decision making and risk 

preference. We did this by estimating a Tobit regression and measuring the strength of the 

association via Pearson correlation. The rationale for testing this relationship is that confidence is 
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intrinsically related to risk attitudes. We hypothesized that risk-loving farmers attach a relatively 

higher subjective probability of a particular outcome occurring on account of being more 

confident. We elicited confidence levels by asking farmers about one of the most important 

decisions they make, i.e., “On a scale of 1-10, how confident are you in your decisions regarding 

the adoption of improved rice varieties?”  

Results of the Pearson correlation presented in Figure 2 indicate that there was a small but 

significant negative association between being risk-loving for small stakes and confidence r (326) 

= -0.18, p < 0.001 and being risk loving in large stakes choices and confidence r (326) = -0.28, p 

< 0.001.  

[Insert Figure 2 here] 

A Tobit regression model is used to analyse the determinants of confidence which is summarized 

in Table 3. The results confirm that being risk-loving has a significant positive relationship with 

confidence in making adoption decisions.  

[Insert Table 3 here] 

6. DISCUSSION 

Previous studies adopt within-person perspectives in analysing risk preference and reference to 

individual-level biological/physiological processes or cognitive experiences. While this approach 

has merits, e.g., highlighting important psychological factors; however, its contribution to a 

holistic understanding of risk attitude for intervention and policy is incomplete if spatial 

dependence is not sufficiently researched. Crucially, this sort of spatial statistics can signal where 

risk preferences observed in one location vary from those of farmers in other locations – 

information that is indispensable to agricultural program planning and implementation. This paper 
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thus brings new dimensions to the discussion on risk preferences, neighbourhood effects and 

decision making.  

Risk attitude of small farmers  

In the literature, small farmers are often assumed to have a homogenous risk-averse attitude. 

However, the result showing neighbourhood heterogeneous risk preferences cautions that hasty 

conclusions based on preconceptions regarding risk attitude can be misleading, especially those 

simply based on nationally defined administrative boundaries or occupations. Also, it suggests that 

extension activities that target farmers by spatially determined classification may be more effective 

than targeting individual farmers, especially when it involves behavioural changes. 

Risk attitudes and stake size  

Our findings that risk preference is determined by the magnitude of the monetary payoffs at stake 

even for hypothetical lottery tasks corroborates many findings in the literature (Fehr-Duda et al., 

2010; Gao, 2011; Shimizu & Udagawa, 2018) typically based on the Holt and Laury (2005) 

experiment but also contradicts other studies where they found that contrary to real payoffs, 

respondent’s risk aversion exhibited over hypothetical lotteries do not change when stake size 

increased. This finding highlights the need for country-and-context specific studies as assumption 

based on a limited number of studies will lead to potentially misleading generalizations. The 

implication of this behaviour over stake size is that poorer farmers may be more willing to gamble 

on new opportunities or technologies if the stakes are reasonably high (and requires little or no up-

front cost). 

Spatial patterns in the risk preferences of small farmers  
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From our examination of the factors affecting risk preference together with the spatial effects, our 

findings are evidence to corroborate the spatial clustering of behaviour. The results also indicate 

fewer and less pronounced differences in terms of risk attitudes within a specific country if the 

result is compared with cross-country studies. This aligns with Vieider et al. (2015) study in which 

they found that within-country risk attitude is existent but weak compared to between countries.  

Our findings on the assumption of a 'social network' hypothesis show that considering the 

neighbourhood social networks of an individual is not misguided. The statistical significance of 

some of the proxies of social networks is empirical evidence that farmers' risk preferences in a 

region may be influenced by social communication conduits through which they exchange 

information, advice, knowledge, materials, and resources. We contend that this effect may also be 

driven by shared norms and values or other similar socioeconomic backgrounds, which may not 

necessarily be determined by defined administrative boundaries. Besides, farmers that identify 

with specific groups may adopt the preferences of the group, with the consequence being 

interdependent choices. Previous studies have shown that interdependent preferences can spread 

across and through multiple networks. Prior, neighbourhood factor has been reported to shape 

attitudes through several avenues, including social-interactive mechanisms, e.g., peer influence 

and social norms (see Petrović, Manley & van Ham, 2020). Our finding is also in accord with other 

findings, such as Pham (2017), that ethnicity influences risk attitudes. 

Implications of spatial distribution on economic decision-making   

The findings that a significant relationship exists between self-confidence in decision making and 

risk preferences have implications for many economic phenomena correlated with risk attitudes. 

This finding aligns with Pirinsky (2013) and Murad, Sefton & Starmer (2016), that found that 

confidence is positively correlated with willingness to take risks. By accounting for the spatial 
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distribution of risk attitudes, policies and interventions can be tailored to simultaneously address 

the factors that influence attitudes and behaviour and the associated economic and non-economic 

factors that prevent farmers from making optimal decisions. 

There is an increasing need to employ spatial data to understand factors that influence farmers' 

economic decisions, identify opportunities, and reveal possible constraints in a geographic manner. 

Our findings, however, do not imply placing neighbourhood over individuals at the centre of the 

approach. Still, we conjecture that failing to account for spatial distribution may have implications 

for interventions and policies as the opportunity for integration of mechanisms better suited for 

region-specific risk preferences may be missed. Overall, our findings add to the growing body of 

literature that suggest testing data for the presence of spatial dependence and control for spatial 

dependence were pertinent. 

7. CONCLUSION 

Prior literature examining spatial dependence effects with behaviour at its core is widespread. 

However, this need to understand spatial patterns of behaviour has not been extended to 

investigating the spatial distribution of risk attitudes. This study bridges this gap by employing 

spatial regression models to allow for neighbourhood effects. We hypothesized spatial clusters of 

farmers' risk attitudes outside nationally defined administrative boundaries. The finding of spatial 

autocorrelation motivated the application of SAR and SEM models, which were estimated using 

the MLE technique. Both results show that there is indeed spatial dependence in farmers' risk 

attitudes, the degree of which is more modest compared to what is typically reported in studies 

across nationally defined administrative boundaries. In examining the key determinants of risk 

attitude, we found that religion and road accessibility between neighbourhoods are important 
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factors. Overall, we showed that spatial models could be used to better understand risk preferences 

patterns both within and across geographical administrative regions. 

The limitations of this paper arise first from not testing risk preferences beyond financial lottery 

tasks and across different domains (e.g., loss or mixed). Risk attitudes are not necessarily stable or 

homogeneous across domains. Thus there is more to be learnt from comparing lottery tasks and 

different domains. Second, the consistency of risk attitude across different preference measures 

cannot be guaranteed. This means that given the numerous experimental methods used to elicit 

and assess risk attitudes, the estimated risk preference can vary between elicitation methods. Third, 

risk preference determined from an incentivized experiment could also differ from our estimate. 

Fourth, one issue that arises with using the estimation of social interaction models is reflection. 

On the one hand, the group risk preference is likely to have influenced the individual farmers' risk 

preference; the individual farmers' risk preference, on the other hand, could also have influenced 

the group's risk preference.  

Despite some limitations, this paper provides the foundation for future investigation into the 

antecedents and, most importantly, the consequences of differences and spatial patterns in risk 

preference within a country. It would also be worthwhile to apply the model to the analysis of 

other interdependence in behavioural outcomes that could benefit from new insights through 

spatial model tools. 

The empirical findings in this paper have some important implications. First, the spatial 

econometric results highlighted in this paper are useful for research and extension in identifying 

locations to determine the distribution and predict the level of clusters of risk-avoiding farmers. 

This information is important to tailor schemes and plan targeted interventions, especially when it 

involves farmers making economic decisions that are driven by risk preferences. In other words, 
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we suggest that the government's blanket measures to improve the situation of farmers should 

instead be selectively targeted by taking into consideration the geographic clusters of risk attitudes 

and providing more support in areas where it is needed. Crucially, government and NGOs alike 

should not wholly rely on administrative boundaries to define contextual factors to ensure that 

interventions are likely to have their desired outcomes. 

 

NOTES 

1. Risk preference is often used loosely to represent risk attitude or risk tolerance in the 

literature. However, in this paper, we distinguished between risk preferences and other 

connotations. Following Weber & Hsee (1999), we use the term risk preference in a 

theoretically neutral way to represent the patterns of observed behaviour when individuals 

are faced with risky decisions. The responses to risk, in this case, could either be a 

preference for the riskier lottery or a sure payoff. This is also different from risk perception, 

which refers to intuition to judge the magnitude and degree of risk. 

2. Specification of spatial weight functions varied across studies. For example, Kim et al. 

(2003) used the contiguity method and considered individuals within 4 km centroid as 

neighbours. Conversely, Roe et al. (2002) applied the inverse distance function with 200 

miles constituting the limit of spatial dependence. Bell & Bockstael (2000) applied inverse 

distance function and reported 600 meters as the limit of spatial dependence, while Areal 

et al. (2012) based their specification on power distance function and reported 240 km as 

the spatial dependence limit.  

3. Each subject is shown a bag containing ten mixed blue and red balls representing the 

winning and losing probability in the risk experiment. 
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4. The two tasks, SS and LS, are independent lottery tasks. Each was employed to measure 

whether risk preference changes with the amounts at stake. For this reason, we did not 

combine the separate experiments to determine the ‘overall’ risk attitude. 

5. The main advantage of the SGG lottery compared to others in the literature is its capability 

of a multi-dimensional description of individual attitudes towards risk, i.e., being able to 

categorize respondents both by their willingness to take risks and propensity to change 

across different risk-return combinations. 

6. This experiment was not incentivized for two reasons: First, it was due to religious and 

cultural restrictions in some regions covered in the study. Second, when the experiment 

was conducted, Nigeria was in economic recession and farmers were hit financially. 

Incentivizing the experiment would have attracted interest and participation from 

ingenuine farmers. Crucially, the decision was informed by a pre-test. For this reason, we 

included religion as a social network proxy in the estimated SAR and SEM model. 

7. We discussed the result using popular terms such as risk aversion or risk-seeking since the 

utility function parameters are not estimated in this paper. 

8. Previous studies on social networks have modelled the interaction between individuals and 

provided insights into understanding the positions of individuals in a network. 

9. We estimated the OLS model (not reported), and the regression coefficients were larger. 

Also, the number of significant variables is higher. A credible explanation for this 

observation is that spatial considerations could have explained part of the covariate effects 

in the SAR model. This finding justifies the previous reasoning that strategies assuming 

unified risk preference across estimation in a region could lead to potential overestimation 

or underestimation of the results. 
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Table 1. Diagnostics for spatial dependence to compare SAR and SEM dependence 

Test DF Test  

statistic  

p-value DF Test 

statistic  

p-value 

 Small stake lottery Large stake lottery 

Spatial error       

Lagrange multiplier 1 9.171 0.002*** 1 35.198 0.000*** 

Robust Lagrange multiplier 1 1.305 0.253 1 4.665 0.031** 

Spatial lag       

Lagrange multiplier 1 11.737 0.001*** 1 43.855 0.000*** 

Robust Lagrange multiplier 1 3.872 0.049** 1 13.321 0.000*** 

***, ** corresponds to coefficients being significant at 1 percent and 5 percent, respectively.  

source 
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Table 2: Results of the Maximum Likelihood Estimation for the Spatial Autoregressive and 

Spatial Error Models. 

Variables Model I 

Risk preference 

for small stake 

lottery 

Model II 

Risk preference 

for large stake 

lottery 

Model III 

Risk preference 

for small stake 

lottery 

Model IV 

Risk preference 

for large stake 

lottery 

 SAR SEM 

Spatial error 0.435** 

(0.191) 

0.802*** 

(0.139) 

0.441** 

(0.204) 

0.806*** 

(0.140) 

Religion -0.046* 

(0.019) 

-0.067*** 

(0.025) 

-0.043** 

(0.020) 

-0.059** 

(0.026) 

Cooperative membership -0.011 

(0.023) 

-0.037 

(0.031) 

-0.010  

(0.023) 

-0.036 

(0.030) 

Community association 

 

0.009 

(0.019) 

-0.000 

(0.026) 

0.007  

(0.019) 

-0.002 

(0.025) 

Road accessibility 0.087*** 

(0.020) 

0.044* 

(0.026) 

0.088*** 

(0.020) 

0.045* 

(0.027) 

Intercept 0.472*** 

(0.161) 

0.870*** 

(0.083) 

0.840*** 

(0.026) 

0.870*** 

(0.083) 

***, ** corresponds to coefficients being significant at 1 percent and 5 percent, respectively.  

Regression coefficients (standard error in parentheses) 
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Table 3. Tobit regression results showing determinants of self-confidence in making adoption 

decisions.  

Variables Model V Model VI 

 Confidence 

Risk preference for small stake lottery  -2.271*** 

(0. 415) 

Risk preference for large stake lottery -1.570*** 

(0.444) 

 

Age 0.002  

(0.005) 

0.002 

(0.005) 

Gender 0.094 

(0.136) 

0.095 

(0.132) 

Intercept 9.661*** 

(0.442) 

10.051*** 

(0.397) 
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Figure 1. Panel lottery task (modified from Sabater-Grande and Georgantzis 2002) 
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Note: The closer risk preference is to 1, the less the willingness to take risk 

Figure 2. Scatter plots showing the correlation between risk preference and self-confidence in 

taking adoption decisions. 

 

 

  

 

0
.2

.4
.6

.8
1

5 6 7 8 9 10
Confidence

95% CI Fitted values

Risk preference for small stake lottery

.2
.4

.6
.8

1

5 6 7 8 9 10
Confidence

95% CI Fitted values

Risk preference for large stake lottery

                  


