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ANALYSING ADOPTION OF SOIL CONSERVATION 

MEASURES BY FARMERS IN DARJEELING DISTRICT, 

INDIA 

Abstract 

The study attempts to assess the key determinants of the decision to adopt soil conservation. The 

study area is Teesta River Watershed, in Darjeeling District in the Eastern Himalayas. In this 

watershed, there have been soil conservation interventions both by the individual farmers on their 

own farm and by the government at the sub-watershed level. The data for this study was 

collected through a primary survey conducted during 2013. The distinguishing feature of our 

analysis is that it explicitly accounts for possible neighbourhood effects in influencing adoption.  

This is captured both by identifying adoption practices among farmers who are immediately 

upstream, and using spatial econometric techniques that incorporate the spatial distance between 

neighbouring farms. We use Bayesian formulation of a standard probit model in conjunction with 

Markov Chain Monte Carlo to estimate the model. The findings suggest strong and positive 

evidence of neighbourhood impact on farmers in making soil conservation decisions. We also 

examine if adoption decisions differ between farmers residing in treated and untreated sub-

watershed and conclude that they do not. Knowledge about the magnitude and extent of spatial 

dependency can help the Government in designing better policies to promote the adoption of 

soil conservation practices at a lower cost. 

Key words: Soil conservation measure; neighbourhood effect; spatial dependence; sub-

watershed 
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1 Introduction  

Soil erosion arising due to unsustainable land use patterns, especially in agriculture, forestry and 

urban development is a negative externality affecting a number of stake holders who depend on 

land, which is a scarce natural resource. First and foremost, Soil erosion contributes to loss of 

agricultural productivity affecting farmers. Viewed in a larger context, since agriculture is the 

major source of livelihood of people, particularly in developing countries, rapid soil erosion 

poses a threat to the food supplies and livelihoods of those involved in agriculture (Barbier, 

1995). Moreover, beyond a certain threshold, soil erosion can make the process of regeneration 

of soil cover irreversible, and affect future food supplies and livelihoods. Therefore, the link 

between on-farm soil erosion and yield is both inter-generational and intra-generational. 

Degraded land affects other natural resources as well; for example, reduction in crop yields 

may force farmers to intensify deforestation (Lopez, 2002). Soil erosion also leads to significant 

negative externalities (Somanathan, 1991 and Mbaga-Semgalawe and Folmer, 2000). However, 

soil erosion can be limited, and the resulting top soil loss reduced, through proper on-site and 

off-site soil and water conservation measures.  

To contain soil erosion farmers adopt various farm-level (on-site) measures, such as:  terracing, 

contour practices, revegetation, crop mixture, fallow practices, land drainage system, agro-

forestry and crop residue management (Scherr, 1999). These on-farm soil conservation measures 

provide benefits ranging from local (increased crop yields to farmers), regional (various off-site 

benefits such as flood control) to global level (climate change mitigation benefits through carbon 

sequestration),1 and can be both short-term and long-term in nature (Bouma et al., 2007).  Given 

this context, this paper attempts to analyse the determinants of on-farm soil conservation 

practices in the mountainous Darjeeling district of West Bengal state, India. We model the 

primary drivers of farmers’ decisions to adopt soil conservation.  

A variety of factors influence a farmer’s decision to adopt soil conservation measures. There is 

an incentive to adopt soil conservation if the discounted gain from the marginal increment of 

crop production is greater than the opportunity cost of forgone income (Moser and Barret, 2006). 

The random utility model provides the basis for consumer choices between competing 

alternatives of soil conservation practices, and has been widely used in the vast empirical 

literature examining the determinants of soil conservation decision of farmers. These studies 

                                                           
1 “Amount of carbon stored in soil and vegetation” (Guidi et. al,, 2014 from Foley et al., 2004) 
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suggest that the predominant socioeconomic determinants of farmers’ adoption of soil 

conservation practices are membership in farmers’ organizations, number of years of school 

education of farmer (Sidibe, 2004), spouse’s educational attainment, government assistance, 

household wealth, labour availability, market accessibility, extension service to the farmer 

(Teklewood et al., 2014), cash crop cultivation, perceived erosion level of the farm, farm size 

and a soil and water conservation programme (Mbaga-Semgalawa and Folmer, 2000) and 

existence of a formal credit market (Wossen et al., 2015). In addition, farm characteristics such 

as soil type, depth of soil, slope of the land and soil quality have a positive effect on the adoption 

of soil conservation practices (Teklewood et al., 2014).   

A few studies introduced neighbourhood aspects into their analysis of the adoption of soil 

conservation practices in the literature of agricultural technology adoption. Battaglini et al. 

(2012) showed that there can be strategic substitutability (free-riding) or strategic 

complementarity with neighbours in investment in public goods, like soil conservation.  There 

are two main strands of the literature on technology adoption or soil conservation that attempt to 

incorporate the interdependence of decisions. The first strand explicitly accounts for interactions 

with neighbours through models of social learning and networks (Mbaga-Semgalawa and 

Folmer, 2000; Conley and Udry, 2003; Bandiera and Rasul, 2006; Moser and Barret, 2006 and 

Teklewood et al., 2014). These studies follow Manski’s (1993) observation that the “propensity 

of an individual to behave in a certain way changes with the behaviour of the individual’s social 

group” (cited in Lapple and Kelley, 2015). The second strand attempts to capture the role of 

interaction on the decisions to adopt a given technology, by using techniques of spatial 

econometrics to model dependence either in the outcome variable (adoption) or in the error term, 

or both. The interaction is based on a measure of proximity that is typically geographical in 

nature. In the context of analysing the adoption of soil conservation practices, the use of spatial 

dependence framework is logical for many reasons. 

First, soil conservation in one farm can assist or constrain it in adjacent farms. The assumption 

is that households located near each other exhibit similar behaviour; closer the household, more 

similar the behaviour (Holloway and Lapar, 2007).2 The logic is rooted in Tobler’s law: 

“Everything is related to everything else, but near things are more related than distant things” 

(Drukker, 2009). Factors such as inter-farm information flow, neighbourhood competition or 

                                                           
2 “Such models deal with question of how the interaction between economic agents can lead to emergent collective 
behaviour and aggregate patterns, and they assign a central role to location, space and spatial interaction” (Anselin, 
2002). 
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cooperation, geographical clustering of innovators, etc., could induce similar adoption behaviour 

in farmers (Abdulai and Huffman, 2005). 

Second, soil conservation practices can be location-specific, with particular types of soil 

conservation practice more suitable for particular types of land. Agricultural productivity also 

depends on various localized factors, such as soil type and quality, ambient and soil moisture, 

ecosystem services, topography of land, and distance from the nearest stream (Colney, 1999). 

Similarity in all these factors may lead to similarity in farming and conservation practices 

(Pattanayak and Burty, 2005). These variables are often not measured, resulting in dependence 

in residuals, and thus spatial factors contribute indirectly to the observed adoption of soil 

conservation practices (Holloway and Lapar, 2007). Hence, it is important to model spatial 

dependence; otherwise, the estimated coefficients of the determinants of soil conservation 

practice can be biased.  Generally, studies on technology adoption in agriculture like Pinkse and 

Slade, 1998; Colney, 1999; Holloway and Lapar 2007; Wang et al., 2013; Lapple and Kelly 2015 

have used spatial dependence models, but it has not been used yet in studies on soil conservation. 

The present study adds to the literature of adoption of soil and water conservation practices by 

bringing the spatial aspect into the analysis of the adoption of soil conservation practices. 

For the spatial correlation, we consider models of (a) spatial dependence in outcome, that is, 

adoption of soil conservation practice (the spatial lag model); (b) spatial dependence in the error 

terms of the decision equation (the spatial error model); and (c) a composite model that allows 

for both spatial dependences on outcome and errors following Anselin (2002), LeSage and Pace 

(2009) and others. We use the Bayesian formulation of a standard probit model in conjunction 

with the Markov Chain Monte Carlo (MCMC) method to estimate the parameters. 

Besides the farm level soil conservation measure, many off-site measures exist; relevant for this 

study is the set of measures adopted for mountainous sub-watersheds to raise agricultural 

productivity. Watershed management can be effected at various scales, from the entire river basin 

to tiny upland watersheds. But most watershed development measures aim to manage smaller 

topographical units, like sub-watersheds as in our study area, rather than the entire river basin.3  

Farmers’ decisions to adopt on-farm conservation practices can depend on the distribution of 

benefits of sub-watershed treatment, (Feder and Slade, 1985) making it necessary to consider 

sub-watershed treatment status as one of the determinants of soil conservation practices. Hence, 

                                                           
3 Food and Agriculture Organisation of the United Nation, ftp://ftp.fao.org/docrep/fao/010/ a1295e/a1295e07.pdf, 
Aug 26/07/2015 

ftp://ftp.fao.org/docrep/fao/010/a1295e/a1295e07.pdf
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the present study also examines if farmers’ adoption of soil conservation practices depends on 

whether the farmer resides in a treated sub-watershed or not, to understand if treatment at the 

sub-watershed level serves as a substitute of, or is complementary to, adoption.  

 We use primary data collected on the adoption of soil conservation practices during 2013. The 

findings suggest a strong and positive evidence of neighbourhood impact (both upstream and 

spatial) on farmers in making soil conservation decisions. A higher proportion of adopters in the 

immediate upstream neighbourhood increases the probability of adoption. Also, we find that, 

among several competing spatial models, it is the spatial lag probit model that best describes our 

data. In particular, it performs better than a non-spatial probit model. A comparison of the 

marginal effects for the two models suggests that failing to control the spatial dependency in 

outcomes leads to over-estimation of the impact of other variables in the adoption decision. The 

findings also suggest that there is neither substitution nor complementarity between sub-

watershed treatment and adoption at the farmer level. This implies that sub-watershed treatment 

neither discourages farmers from adopting soil conservation practices at their farms nor 

encourages them to do so. 

 Capturing spatial dependency is, thus, important from the policy perspective. Knowledge of the 

magnitude and extent of spatial dependency can help the government and other organizations in 

designing better policies to promote the adoption of soil conservation practices at a lower cost. 

The organisation of this study is as follows: Section 2 briefly discusses study area and soil 

conservation measures. Section 3 discusses the spatial dimension of soil conservation, which 

includes the conceptual framework, model specification and section 4 outlines method of 

estimation. Section 5 interprets the coefficients of different spatial models. Section 6 describes 

the data and the definition of variables. Section 7 discusses and compares the results of spatial 

and non-spatial analysis. Lastly, Section 8 concludes the discussion and describes the policy 

implications. 

 

2 Study Area and Soil Conservation Measures 

This study considers a case study of one of the most soil erosion affected river basins in India, 

the Teesta River Basin in Darjeeling district of West Bengal state examines various ongoing and 

potential initiatives undertaken by farmers and government in the river basin. The presence of 

varying property rights to land in the river basin requires differential actions by different land 

owning agents. Essentially there are two property rights regimes identified in the basin: private 
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property and government property. Private property is in the form of farms of land owned by 

farmers in the downstream and government property is the forest land owned by government 

upstream. It is observed that both farmer groups and Government undertake soil conservation 

methods in the basin. Farmers have adopted number of on-farm soil conservation measures while 

Government of India has initiated soil conservation programme at sub-watershed levels in the 

name of Teesta River Valley Programme for Soil Conservation.  

The on-farm soil conservation measures adopted by farmers are: contour bunding, afforestation, 

bamboo plantation, orchard plantation, terracing, tree belt, broom plantation and grass stripping 

(Singha, 2017). The ongoing Teesta River Valley Programme, which was implemented by the 

State Forest Department since 1977, introduced several off-site measures, including 

afforestation, broom/fodder cultivation, orchard plantation, belly benching and stream bank 

control, to avoid landslides (by reducing the force of water through engineering construction and 

vegetation to minimize the removal of soil particles of the site); construction of catch water drains 

(which divert the water flow and reduce soil erosion);4 and slip control/stabilization (i.e., 

technical measures to mitigate landslides) (National Land Use and Soil Conservation Board, 

1992; Kurseong Soil Conservation Division, 2011; Kalimpong Soil Conservation Division, 

2010). 

3 Conceptual Framework: Accounting for the Spatial Nature of Adoption 

Decisions 

We adapt the framework provided by Ballester et al. (2006) and Jackson (2008) to understand 

a household’s decision to invest in soil conservation measures. We assume that farmers have 

full information about soil conservation practices adopted by their neighbours. Let there be 

n number of farmers, and let 𝑒𝑒𝑖𝑖 ∈ 𝑅𝑅+ represent the effort level of farmer i, where i=1, 2....n, 

expended to adopt soil conservation practices. We also assume that the payoff function of 

farmer i is a quadratic function of the effort: 

 𝑈𝑈𝑖𝑖(𝑒𝑒𝑖𝑖, 𝑒𝑒−𝑖𝑖) = 𝑎𝑎𝑖𝑖𝑒𝑒𝑖𝑖 −
𝑏𝑏𝑖𝑖
2
𝑒𝑒𝑖𝑖2 + ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖  𝑖𝑖≠𝑖𝑖                   (1) 

The first two terms in the above equation is the standard utility of own effort ei, where 𝑎𝑎𝑖𝑖 = 𝑎𝑎 ≥

0 and 𝑏𝑏𝑖𝑖 = 𝑏𝑏 > 0 for all i = 1, 2, 3,……., n are scalars. Too much effort is not warranted, since 

it diminishes the payoff at the margin, which is captured by the second term of equation (1). That 

                                                           
4 Unabridged Dictionary, http://www.merriam-webster.com/dictionary/catchwater, October 23, 2015. 

http://www.merriam-webster.com/dictionary/catchwater
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is, equation (1) is concave in own effort, since 𝜕𝜕
2𝑈𝑈𝑖𝑖
𝜕𝜕𝜕𝜕𝑖𝑖

2 = −𝑏𝑏 < 0. 𝑒𝑒−𝑖𝑖is the sum of the efforts of 

others, i.e., the combined effort of neighbours, and 𝑤𝑤𝑖𝑖𝑖𝑖is the weight that farmer i puts on his 

neighbour j. The last term represents the network effect in the neighbourhood, i.e., it captures the 

utility from a bilateral interaction, 𝜕𝜕
2𝑈𝑈𝑖𝑖

𝜕𝜕𝜕𝜕𝑖𝑖𝜕𝜕𝑗𝑗
= 𝑤𝑤𝑖𝑖𝑖𝑖, where 𝑖𝑖 ≠ 𝑗𝑗. If an increase in the effort level of j 

raises the effort level of i, then 𝑤𝑤𝑖𝑖𝑖𝑖> 0 represents strategic complementarity. On the other hand, 

if an increase in the effort level of j diminishes the effort level of i, then 𝑤𝑤𝑖𝑖𝑖𝑖< 0 and implies 

strategic substitution. 

 The best response of the farmer given the level of efforts by others is obtained by using the first 

order condition (i.e. differentiating with respect to own effort): 

 𝑒𝑒𝑖𝑖 = 𝑎𝑎
𝑏𝑏

+ ∑𝑊𝑊𝑖𝑖𝑗𝑗

𝑏𝑏
𝑒𝑒𝑖𝑖                 (2) 

The above expression suggests interdependence of efforts between farmers and their neighbours; 

this can arise from localized factors (like “neighbourhood effect, copy-catting, peer group effect, 

strategic interaction, etc.” (Anselin, 2002)) and from diffusion of knowledge. Equation (2) can 

also be written in matrix form: 

 �
𝑒𝑒1
⋮
𝑒𝑒𝑛𝑛
� = �

𝑎𝑎
𝑏𝑏�
⋮
𝑎𝑎
𝑏𝑏�
� + 1

𝑏𝑏
�
𝑤𝑤11 ⋯ 𝑤𝑤1𝑛𝑛
⋮ ⋱ ⋮

𝑤𝑤𝑛𝑛1 ⋯ 𝑤𝑤𝑛𝑛𝑛𝑛
��

𝑒𝑒1
⋮
𝑒𝑒𝑛𝑛
�                 (3) 

or 𝑒𝑒 = 𝛽𝛽0 + 𝑑𝑑𝑒𝑒                                                                                                               (3a) 

or 𝑒𝑒 = (𝐼𝐼 − 𝑑𝑑)−1𝛽𝛽0                                                                                                       (3b) 

where I is the identity matrix, 𝛽𝛽0 = �𝑎𝑎
𝑏𝑏

, 𝑎𝑎
𝑏𝑏

, … … … , 𝑎𝑎
𝑏𝑏
�

/
and 𝑑𝑑 = 1

𝑏𝑏
�
𝑤𝑤11 ⋯ 𝑤𝑤1𝑛𝑛
⋮ ⋱ ⋮

𝑤𝑤𝑛𝑛1 ⋯ 𝑤𝑤𝑛𝑛𝑛𝑛
�. A stable 

equilibrium exists if the matrix (I—d) is invertible. The matrix implies (n2 – n) possible relations 

between n observations, and since diagonal elements represent weights on the farmer i’s own 

effort, they are all zero (LeSage and Pace, 2009). 

3.1 Spatial Lag Model 

We extend the above model (3a) by adding potential conditioning variables and distinguishing 

latent effort from observed effort. The empirical specification for the estimation of equation (3a) 

is as follows: 
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 𝑒𝑒∗ = 𝜌𝜌𝜌𝜌𝑒𝑒∗ + 𝑋𝑋𝛽𝛽 + 𝑢𝑢                 (4) 

where, 𝑒𝑒∗ is a vector of latent effort. In this case, 𝑒𝑒∗ is not observed but is present in the effort 

function of our representative farmer. In other words, as before, the unobserved effort of the 

neighbourhood firms 𝑒𝑒−𝑖𝑖∗  influence 𝑒𝑒𝑖𝑖∗ (Anselin, 2002). As mentioned in Section 1, the 

dependence in latent effort arises due to the flow of information among the farmers, and due to 

the competition or cooperation between them. We include X, which is a (n x k+1) matrix of other 

exogenous variables of household and farm characteristics (defined in Section 4), and 𝜌𝜌 =  1/𝑏𝑏 

is the spatial autoregressive parameter (scalar), that is additional to any standard latent variable 

model. 𝛽𝛽 is (k +1 x 1) vector of parameters and u is a random shock with 

𝐸𝐸(𝑢𝑢) = 0,𝐸𝐸�𝑢𝑢𝑢𝑢/� = 𝜎𝜎𝑢𝑢2𝐼𝐼𝑛𝑛. 

If ρ=0, that is, there is no spatial dependence then equation (4) becomes: 

 𝑒𝑒∗ = 𝑋𝑋𝛽𝛽 + 𝑢𝑢                 (5) 

Equation (5) can be analysed using a standard (non-spatial) binary probit model. In a real world 

situation, we cannot observe the quantum of effort that farmers put into soil conservation. The 

standard way to model this is to assume that an action e is observed whenever the underlying 

latent variable e* meets a condition: for example, e is observed when e*>0. Thus, 

 𝑒𝑒𝑖𝑖 = �
1 𝑖𝑖𝑖𝑖 𝑈𝑈𝑖𝑖(𝑒𝑒∗) > 0 
0 𝑖𝑖𝑖𝑖𝑈𝑈𝑖𝑖( 𝑒𝑒∗) ≤ 0�                 (6) 

where Ui (e*) is the payoff from latent effort e*. 

From equation (6), we can get the conditional density function of effort given the exogenous 

variables: 

 Pr(𝑒𝑒𝑖𝑖 = 1| 𝑋𝑋) = ∅𝑖𝑖(𝑋𝑋𝛽𝛽)                 (7)  

where ∅𝑖𝑖 is the cumulative normal distribution function, given the assumption that 𝑢𝑢 is normally 

distributed (Wang et al., 2013). 

In case 𝜌𝜌 ≠  0, the above equation (4) is known as spatial reaction function (Bruckner 2003), 

and is also called spatial lag model or spatial autocorrelation model. Through the above 

specification, this study models how the latent magnitude of effort of soil conservation at a farm 

(e*) is determined by the latent magnitude of effort of soil conservation in neighbourhood farm, 
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𝜌𝜌𝜌𝜌𝑒𝑒∗ (Anselin, 2002) and by various exogenous household and farm characteristics, 𝑋𝑋𝛽𝛽. 

Assuming (𝐼𝐼 − 𝜌𝜌𝜌𝜌) is non-singular, equation (4) implies: 

 𝑒𝑒∗ = (𝐼𝐼 − 𝜌𝜌𝜌𝜌)−1𝑋𝑋𝛽𝛽 + 𝜀𝜀                 (8) 

where 

 𝜀𝜀 = (𝐼𝐼 − 𝜌𝜌𝜌𝜌)−1𝑢𝑢                 (9) 

As before, since e* is not observed, we use a discrete variable 𝑒𝑒𝑖𝑖 to define if a given farmer adopts 

soil conservation measures or does not. 

In this case, it can be shown that 

 Pr(𝑒𝑒𝑖𝑖 = 1) = Pr [𝜀𝜀𝑖𝑖 < ℎ𝑖𝑖(𝑋𝑋,𝜌𝜌,𝛽𝛽,𝜌𝜌)]                 (10) 

where hi is the multivariate normal density function (Anselin, 2002), following the assumption 

of normality of u. The variance-covariance matrix of 𝜀𝜀 is as follows: 

 𝐸𝐸�𝜀𝜀𝜀𝜀/� = (𝐼𝐼𝑛𝑛 − 𝜌𝜌𝜌𝜌)−1�𝐼𝐼𝑛𝑛 − 𝜌𝜌𝜌𝜌/�
−1
𝜎𝜎𝑢𝑢2                 (11) 

 

3.2 Spatial Error Model 

Thus far, we have considered spatial dependence in soil conservation practices. There can also 

be dependency in unobserved factors. As mentioned in Section 1, this type of dependency arises 

due to many geographical and economic factors that remain unmeasured or unobserved, such as 

wind conditions, soil moisture content, soil quality, topography of land, local temperature, etc., 

that may influence the adoption of soil conservation practices and are correlated over space. 

Similar unobserved characteristics may lead to a similar level of effort in soil conservation; 

neighbouring farmers are more likely to face similar soil, topographic and climatic conditions 

than more distant farmers. In this case, we model only dependency of residuals, instead of 

dependence in the latent effort of soil conservation practice, and assume further that these 

unobserved factors are not correlated with the exogenous variables. Then, equation (4) can be 

modified as: 

 𝑒𝑒∗ = 𝑋𝑋𝑋𝑋 + 𝑣𝑣                 (12) 

where, 𝑣𝑣 = 𝛾𝛾𝜌𝜌𝑣𝑣 + 𝑧𝑧 

and, 𝐸𝐸(𝑧𝑧) = 0,𝐸𝐸�𝑧𝑧𝑧𝑧/� = 𝜎𝜎𝑧𝑧2𝐼𝐼𝑛𝑛 
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or, 𝑣𝑣 = (𝐼𝐼 − 𝛾𝛾𝜌𝜌)−1𝑧𝑧 

Instead of exhibiting spatial dependency on outcome, the above equation (12) exhibits spatial 

dependency on the error term, and is termed spatial error model (LeSage and Pace, 2009). 

Analogous to equation (10), what is observed is a binary outcome, and the probability of adoption 

is given by: 

Pr(𝑒𝑒𝑖𝑖 = 1) = Pr [𝑣𝑣𝑖𝑖 < ℎ𝑖𝑖(𝑋𝑋,𝜌𝜌, 𝑋𝑋, 𝛾𝛾)]                 (13) 

where hi is the multivariate normal density function. The variance-covariance matrix of 𝑣𝑣 is as 

follows:  

 𝐸𝐸�𝑣𝑣𝑣𝑣/� = 𝜎𝜎𝑧𝑧2(𝐼𝐼𝑛𝑛 − 𝛾𝛾𝜌𝜌)−1�𝐼𝐼𝑛𝑛 − 𝛾𝛾𝜌𝜌/�
−1

               (14)  

 

3.3 General Spatial Autocorrelation Model 

A model that incorporates spatial dependence in both outcome as well as errors is known as the 

general spatial autocorrelation model (SAC model) (LeSage and Pace, 2009) and can be written 

as follows: 

  𝑒𝑒∗ = (𝐼𝐼 − 𝜌𝜌𝜌𝜌)−1𝑋𝑋𝑋𝑋 + 𝜏𝜏                 (15) 

where, 𝜏𝜏 = (𝐼𝐼 − 𝜌𝜌𝜌𝜌)−1(𝐼𝐼 − 𝛾𝛾𝜌𝜌)−1𝜑𝜑 

and, 𝐸𝐸(𝜑𝜑) = 0,𝐸𝐸�𝜑𝜑𝜑𝜑/� = 𝜎𝜎𝜑𝜑2𝐼𝐼𝑛𝑛 

Similarly, like the spatial lag and spatial error models, as in equations (8) and (13), the probability 

of adoption can be explained as: 

 Pr(𝑒𝑒𝑖𝑖 = 1) = Pr [𝜏𝜏𝑖𝑖 < ℎ𝑖𝑖(𝑋𝑋,𝜌𝜌, 𝑋𝑋,𝜌𝜌, 𝛾𝛾)]                 (16) 

where hi is the multivariate normal density function with the variance-covariance matrix of 𝜏𝜏 is 

as follows: 

 𝐸𝐸�𝜏𝜏𝜏𝜏/� = (𝐼𝐼𝑛𝑛 − 𝜌𝜌𝜌𝜌)−1�𝐼𝐼𝑛𝑛 − 𝜌𝜌𝜌𝜌/�
−1(𝐼𝐼𝑛𝑛 − 𝛾𝛾𝜌𝜌)−1�𝐼𝐼𝑛𝑛 − 𝛾𝛾𝜌𝜌/�

−1
𝜎𝜎𝜑𝜑2  (17)  

 

4 Method of Estimation 

The method of estimation of the spatial lag model must account for the fact that the covariance 

structure (11) makes the marginal distribution of 𝜀𝜀𝑖𝑖 heteroscedastic (Anselin, 2002). As a result, 
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the estimators of standard probit model are inefficient. In addition, 𝜀𝜀𝑖𝑖 are not independent and 

identically distributed due to spatial correlation. As a result, the likelihood function involves 

multidimensional integration, which is computationally intensive (Wang et al., 2013). This study 

uses the Bayesian method in conjunction with the MCMC method to estimate the spatial probit 

model, following LeSage and Pace (2009).  

The posterior probability of 𝑃𝑃(∁ | 𝜔𝜔) from Bayes’ Rule is given by: 

 𝑃𝑃(∁ | 𝜔𝜔)  ∝  𝑃𝑃(𝜔𝜔 | ∁)𝑃𝑃(∁)                 (18) 

where ∁ is the model parameter, 𝑃𝑃(𝜔𝜔 | ∁) is the likelihood, 𝑃𝑃(∁) is prior distribution and 𝑃𝑃(𝜔𝜔) 

is the data distribution. 

In the MCMC, the posterior distribution of equation (18) is decomposed into a sequence of 

conditional distribution of parameters instead of operating with posterior distribution. This 

methodology sequentially samples each parameter from their conditional distribution. It is based 

on the proposition that a large sample from these sets of conditional distributions for all 

parameters can approximate the form of the probability density function by deploying Kernel 

density estimators or histograms (LeSage and Pace, 2009). As a result, the MCMC approach does 

not rely on the asymptotic properties to determine valid standard errors (Lapple and Kelley, 

2015). 

The estimation of expression (18) also involves the unobserved latent variable U(e*) (see 

equation (6) for details) related with observed discrete choices. Following Albert and Chib 

(1993), LeSage and Pace (2009) replaced the unobserved latent variable with the estimated 

latent parameter. The underlying idea is that once the latent U(e*) is recognized as an additional 

estimable set of parameters, then 𝑃𝑃(∁ |𝑈𝑈(𝑒𝑒∗)) =  𝑃𝑃(∁ |𝑈𝑈(𝑒𝑒∗), 𝑒𝑒). 𝑈𝑈(𝑒𝑒∗), the continuous 

variable, has replaced the binary variable e. As a result of this equality, the joint posterior 

distribution of ∁ can be regarded as a Bayesian regression problem with a continuous variable 

instead of a discrete one.  

Following LeSage and Pace (2009), we compute the conditional distribution of the spatial lag 

model based on normal prior for 𝛽𝛽, uniform prior for the spatial parameter for 𝜌𝜌 and truncated 

multivariate normal distribution prior to 𝑈𝑈(𝑒𝑒∗). Further, we also assume 𝜎𝜎𝑢𝑢2 = 1, which is 

required for identification. To approximate the posterior distribution (18), we need to sequentially 
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sample from the following three conditional distributions: 𝑃𝑃�𝛽𝛽 � 𝜌𝜌,  𝑈𝑈(𝑒𝑒∗)), 𝑃𝑃�𝜌𝜌 � 𝛽𝛽,  𝑈𝑈(𝑒𝑒∗)) and 

𝑃𝑃(𝑈𝑈(𝑒𝑒∗)| 𝛽𝛽,𝜌𝜌).5  

We estimate these models for the 432 farmers of our sample, using software package Matlab. 

In our application, 𝜔𝜔 =  {𝑒𝑒,𝑋𝑋,𝜌𝜌}. Specifically, 𝑒𝑒 = 1 for 211 adopters of soil conservation 

and e=0 for 221 non-adopters of soil conservation (see Section 6.2 for details), 𝑋𝑋 consists of a 

constant term and other explanatory variables, such as socioeconomics variables, market access 

variables, farm characteristics and information on soil conservation practice in the immediate 

upstream neighbourhood (see Section 6.3 for details), and 𝜌𝜌 = inverse distance decay or 

contiguity matrix (see Section 6.1 for details). 𝑈𝑈(𝑒𝑒∗) is the unobserved latent effort associated 

with the observed adoption or non-adoption of soil conservation measure. The spatial analysis 

is built on 1,000 MCMC draws and 100 passes. We separately conduct another run with 2000 

MCMC draws and 200 passes, and find that both runs produce almost identical results. 

 

5 Interpretation of Coefficients of Spatial Models 

The interpretation of marginal effects with spatial probit models is quite different from that of 

marginal effects under standard probit models. For instance, in a spatial lag model, a change in 

the explanatory variable of ith farmer has an effect not only on the soil conservation practices of 

the ith farmer ei but also on those of other farmers ej, i≠j. This means that a change in the kth 

variable of ith farmer, xki, will affect the expected probability of adoption of his own and others’ 

soil conservation practices. The marginal effect of the non-spatial probit model is given by: 

 𝜕𝜕𝜕𝜕[𝜕𝜕 | 𝑥𝑥𝑘𝑘]
𝜕𝜕𝑥𝑥𝑘𝑘

= ∅(𝑥𝑥𝑘𝑘𝛽𝛽𝑘𝑘)𝛽𝛽𝑘𝑘                 (19) 

In contrast, the marginal effect of the spatial probit model is given by 

𝜕𝜕𝜕𝜕[𝜕𝜕 | 𝑥𝑥𝑘𝑘]

𝜕𝜕𝑥𝑥𝑘𝑘
/ = ∅(𝐻𝐻−1𝐼𝐼𝑛𝑛𝑥𝑥𝑘𝑘���𝛽𝛽𝑘𝑘) ⊙𝐻𝐻−1𝐼𝐼𝑛𝑛𝛽𝛽𝑘𝑘                 (20) 

Where ⊙ is the Kronecker product,  

 𝐻𝐻 = (𝐼𝐼𝑛𝑛 −  𝜌𝜌𝜌𝜌)                (21) 

The diagonal element of expression (20) above represents the direct effect, which is like the 

marginal effect of the non-spatial probit model. But in this model, there are feedback effects as 

                                                           
5 See LeSage and Pace (2009) for detailed discussion of estimation method and conditional distributions.   
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well—as a change in 𝑒𝑒𝑖𝑖 from a 𝑥𝑥𝑘𝑘𝑖𝑖 also influences 𝑒𝑒𝑖𝑖 which, in turn, affects 𝑒𝑒𝑖𝑖. Also, there is a 

cumulative effect of changes in 𝑥𝑥𝑘𝑘𝑖𝑖 where 𝑖𝑖 ≠ 𝑗𝑗 on 𝑒𝑒𝑖𝑖. The off-diagonal elements represent 

indirect effects. It is common to refer to the row sums as the “total effect to an observation”: it is 

the impact on 𝑒𝑒𝑖𝑖 from changing the kth explanatory variable in the specified neighbourhood. The 

average direct effect is taken over all diagonal elements, while the average indirect effect is the 

difference between average total effect and average direct effect. By symmetry, the row sums 

and column sums are the same. The difference between the total effect and the direct effect 

represents the indirect effect. 

In our case, the direct effect is the change in the probability of soil conservation practices of 

the ith farmer, because of a minute change in an explanatory variable of the same farmer, that 

is, 𝑥𝑥𝑘𝑘𝑖𝑖. On the other hand, the indirect effect is the change in the probability of adoption of soil 

conservation practice of farmer i due to the feedback effects from farmer j in the 

neighbourhood, i.e., the cumulative effect. The effect of the soil conservation practices of the 

neighbouring farm depends on physical proximity, which is captured by the spatial weight 

matrix and the spatial autocorrelation parameter. 

The spatial error model does not contain the spatial lag explanatory variables or the outcome 

variable. Therefore, the interpretation of marginal effect is similar to that in the non-spatial probit 

model. In the general SAC model, the marginal effect takes a similar form as in expression (21), 

since the spatial lag error does not come into play when considering the 𝜕𝜕𝜕𝜕[𝜕𝜕 | 𝑥𝑥𝑘𝑘]

𝜕𝜕𝑥𝑥𝑘𝑘
/ . Therefore, the 

interpretation of marginal effects is similar to that in the spatial lag model (LeSage and Pace, 

2009). 

 

6 Data and Variable Definitions 

The data for this study was collected through a primary survey conducted during 2013 in 

Darjeeling district of Teesta River Valley of Eastern Himalaya in India (please refer to Singha, 

(2017) for detailed description of survey design).   

6.1 Spatial Weight Matrix 

All the farms in the survey were geo-coded, and the software package Matlab was used to 

calculate the Euclidean distance between all the farms. We use this information to generate the 

different types of spatial weight matrix suitable for our analysis. 
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Given the context of adoption, we specify the spatial weight matrix W using neighbouring 

farmers who live within a specified distance. For a sample of n farmers, we specify W to be an 

(𝑛𝑛 𝑋𝑋 𝑛𝑛) matrix defined as the inverse of the Euclidean distance between neighbours. This assigns 

higher weights to nearby farmers than to relatively distant farmers. We try various specifications, 

varying the distance within which spatial dependency is assumed to play a role. In all 

specifications, 𝜌𝜌𝑖𝑖𝑖𝑖 = 0 and the matrix is symmetric and row-standardized, i.e., the row sum is 

bounded uniformly to 1. We implemented row-standardization as 𝜌𝜌𝑖𝑖𝑖𝑖 =
1
𝑑𝑑𝑖𝑖𝑗𝑗�

∑ 𝑑𝑑𝑖𝑖𝑗𝑗𝑛𝑛
𝑗𝑗=1

, where 𝑑𝑑𝑖𝑖𝑖𝑖 = 

Euclidean distance between two farmers. 

 In another variant, the spatial weight matrix 𝜌𝜌𝑊𝑊 is specified as a contiguity matrix (Anselin, 

2002), which assumes all the farmers within a village can be deemed to be neighbours and affect 

each other’s’ decision. That is, 𝜌𝜌𝑊𝑊𝑖𝑖𝑖𝑖 = 1 within a village but 𝜌𝜌𝑊𝑊𝑖𝑖𝑖𝑖 = 0 outside the village. We 

implement row-standardization by dividing all the elements of a row i by number of non-zero 

entry of the row. Since our sample consists of 12 farmers from each village, this means that each 

farmer in our sample has 11 neighbours within a village. If we allow spatial dependency to prevail 

within a village as well as within the nearest village in our sample, the weight matrix consists of 

23 neighbours in 𝜌𝜌𝑊𝑊1. In similar fashion, the spatial dependency confined to the nearest two 

and three villages in our sample allows the weight matrix to pick 35 neighbours in 𝜌𝜌𝑊𝑊2 and 47 

neighbours in 𝜌𝜌𝑊𝑊3 respectively. 

 

6.2 Dependent Variable: Determining Adoption 

The different types of soil conservation measures used by farmers include contour wall/contour 

bunding, afforestation, bamboo plantation, orchard plantation, tree belt, terracing, broom 

cultivation and grass stripping. This list is exhaustive but not mutually exclusive. We specify 

adopters as those who have adopted at least two measures from contour bunding, afforestation 

and bamboo plantation.6 Table 1 suggests that 49 percent of the farmers have adopted at least 

two measures. We define these farmers as adopters. As a robustness check, we include a different 

measure of adoption, as noted later. 

 

 

                                                           
6 See Singha (2017) and Singha (2016) for the reason behind such kind of categorization between adopter and 
non-adopter.  
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Table 1: Distribution of Sample Farmers by Number of Adoption Measures 

Farmers Adopting at least Cumulative Percentage 

None of the measures  25 

One measure 51 

Two measures 83 

Three measures 100 

Total Sample Size 432 

Source: Based on primary survey carried out in Darjeeling District, West Bengal, India carried out in the year 2013. 
Note: The different adoption measures are: contour bunding, afforestation/ plantation of woody perennial and 
bamboo plantation. 

 

6.3 Explanatory Variables 

Adoption of soil conservation practices depends on a number of factors, such as the 

socioeconomic characteristics of the farmer/farming households, farm characteristics and 

measures of market access. 

6.3.1 Socioeconomic Characteristics 

In the literature, the socioeconomic characteristics of households that have been found relevant 

for adoption of soil conservation practices include age of the household head, years of education 

of household head, proportion of members active in labour market in a household, household 

size and proportion of household members who have at least 10 years of schooling.7 

The summary statistics for socioeconomic characteristics are presented in Table 2. The average 

age of the household head in our sample is 53. The average years of education of household head 

is only four years, with adopters having one more year of education than non-adopters. Adoption 

decisions may be made jointly by several household members (Teklewood et al., 2014 quoted 

from Zepeda and Castillo, 1997). Therefore, we include the proportion of household members 

who have at least 10 years of schooling as one of the explanatory variables; in our sample, 

approximately 22 percent of the household members of a family have studied more than 10 

years.8 

 

 

                                                           
7 10 years of schooling represents completion of high school education.  
8 There are other household characteristics that affect adoption of soil conservation practices, like risk attitude 
(Shiveley, 2001), discount rate, (Stocking & Murnaghan, 2001), etc. We assume that risk is correlated with 
landholding size, but do not include it separately as an explanatory variable. 
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Table 2: Summary Statistics & Two Sample t-test with Survey Data 

1 2 3 4 5 
Variable Full Sample Adopters Non-

adopters 
Mean Difference = 

Adopters - Non-
adopters 

Number of observations 432 211 221  
Proportion in sample (%)  100 49 51 
Number of observations in treated sub-watershed 220 90 130 
Number of observations in un-treated sub-watershed 212 121 91 
Number of observations in forest village 120 47 73 
Number of observations in Revenue village 312 164 148 
Number of observations in very high$ soil erosion 
prone sub-watershed 120 75 45 

Number of observations in high$$ and medium$$$ soil 
erosion prone sub-watershed 312 136 166 

Socio-economic variables 
Age of the household head  (years) 53 (.70) 54 (1.03) 52 (.96) 1.15 (1.41) 
Years of education of household head (years) 4  (.19) 4 (.29) 3 (.25) 1*(.4) 
Household member between age 14-65 (%) 3.81 (.080) 3.88 (.11) 3.73 (.15) 0.15 (.16) 
Household size 5 (.08) 5 (.1) 5 (.1) 0.23 (.16) 
Proportion of household members who have at least 10 
years of schooling 0.21 (.01) 0.22 (.016) 0.20 (.015) 0.025 (.022) 

Experience of household head in agriculture (years) 27 (.62) 28 (.9) 26 (.87) 2* (1.25) 
Market access variables 

Distance to nearest market from farm(in meters) 11323 (502) 8835 (618) 13743 (753) -4908*** (977) 

Distance to all-weather road (in meters) 2950  (185) 2377  (199) 3507  (306) -1129*** (368) 

Farm characteristics 
Farm area in acres 1.25  (.052) 1.52 (0.08) 1 (.05) 0.52*** (.10) 
Altitude of the farm in meters  1281 (24) 1193  (31) 1366 (37) -173** (49) 
Soil texture 2.17 (0.04) 2.17 (0.06) 2.16 (0.05) 0.01 
Soil color 2.89  (0.05) 3.03 (0.06) 2.75 (0.06) 0.28*** 
Soil stoniness 2.22 (0.04) 2.15 (0.05) 2.29 (0.05) -0.14** 

                Soil conservation practice in immediate upstream neighborhood  
Contour bunding (%) 33 (8) 56 (8) 12 (2) 34*** 
Afforestation (%) 67 (4) 90 (7) 45 (3) 45*** 
Bamboo plantation (%) 53 (2) 69 (4) 38 (3) 31*** 

Sources: 1) A primary survey carried out in Darjeeling District, West Bengal, India, in the year 2013, 2) Kalimpong Soil 
Conservation Division (2010), Kurseong Soil Conservation Division, (2011). 
Notes: 1) Standard deviation in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 3) Adopter => 
farmers who adopted at least two soil conservation practices from stone bunding, afforestation and bamboo plantation; Non-adopter => 
farmers who adopted, at most, one soil conservation practice, 4) In treated sub-watersheds, the state forest department of West Bengal has 
taken soil conservation measures. In untreated sub-watersheds, no government initiative for soil conservation, 5) $ Sediment Yield Index 
is 1450 and above, $$ Sediment Yield Index 1350 -1449, $$$ Sediment Yield Index 1250-1349, “Sediment Yield Index” calculated as 
“weighted arithmetic mean of the products of the erosion intensity weightage value and delivery ratio over the entire area of the hydrologic 
unit by using suitable empirical equation” ( Soil and Land Use Survey of India, slusi.dacnet.nic.in/rrs.pdf, February 2, 2014), 6) Soil 
texture, soil color and soil stoniness have been reported by the respondent according to a hedonic scale. Scale of soil texture: sandy/coarse-
-- 1, loamy/medium coarse—2, clay- 3, silt-4; Scale of soil color: grey - 1, reddish - 2, brown - 3, black – 4; Scale of soil stoniness: high 
stoniness- 1, medium stoniness- 2, low stoniness-scale 3, non-stony- 4. 

http://slusi.dacnet.nic.in/rrs.pdf%20on%202/2%202014
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6.3.2 Market Access 

Since higher transaction costs deter farmers from adopting soil conservation practices, these are 

expected to negatively influence adoption (Teklewood, 2014). In our study, we measure 

transaction cost by considering market access and by using two variables: distance to the nearest 

all-weather road and local market as reported by the respondents. The summary statistics of these 

variables are presented in Table 2. The distance to the nearest local market and all-weather road 

is lower for adopters than for non-adopters.  

6.3.3 Farm Characteristics 

We treat the total Farm area of the farmer as exogenous and as a household endowment, since 

most respondents reported that they inherited the land they were cultivating and did not purchase 

it.  

Farmers’ perceptions of the fertility and stoniness of the soil of their operational holdings are 

important determinants of the adoption of new technology; less fertile farms are more likely to 

see adoption. Topographical features can also influence adoption: altitude, soil colour, soil 

texture and soil stoniness help capture this.  Farmers who own farms that have better 

topographical characteristics may be less likely to adopt soil conservation technology 

(Teklewood et al., 2014). We asked the farmers to report their perception of these farm 

characteristics on a hedonic scale (see the footnote below Table 2). The total farm area of the 

adopters seems more than non-adopters. However, the altitude of the farm of non-adopters is 

more as compare to adopters.    

We conduct a two-sample test of difference of these qualitative farm characteristics (Table 2). 

Adopters and non-adopters are statistically different in soil colour and soil stoniness. Adopters 

are reported to have more black soil and less stoniness on their farms. Both of these are 

considered better farm characteristics, so it would appear that adopters have soil that is more (and 

not less) fertile.  

6.3.4 Sub-watershed and Village Characteristics 

The study uses three dummy variables to capture sub-watershed characteristics that may impact 

the soil conservation decision. The first dummy captures whether the sub-watershed was 

treated under the TRVP or not, and the second captures whether the sub-watershed belongs to 

the very high erosion prone category or not. In the study, many villages are situated in or near 

the frontier of forest areas (forest village). Residents of these villages lack exclusive property 
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rights over land; this lack may, therefore, act as a disincentive from investing in soil 

conservation. We use a third dummy variable for forest villages. 

6.3.5 Information of Soil Conservation in Immediate Upstream Neighbourhood 

For each respondent farmer, this study elicited information on the soil conservation practices 

adopted on the nine nearest upstream farms. The existence of intensive soil conservation 

activity in the neighbourhood may have significant complementary or substitution effects on 

the conservation decision (Battaglini et al., 2012). Figure 1 presents the rate of adoption of the 

respondent farmer, conditional on information on proportion of adoption in immediate 

upstream neighbourhood. We find that when less than 10 percent of neighbours adopt contour 

bunding, then adoption of contour bunding as soil conservation technique on own farm is 10 

percent. Similarly, when the rate of adoption of contour bunding in the neighbourhood is over 

70 percent, then 72 percent of the respondents also use a contour bunding. This suggests that 

there may be significant complementarities between information of upstream adoption and 

sample farmer adoption. Similarly, when the proportion of adoption of afforestation lies 

between 10–30 percent in the immediate upstream neighbourhood, then 54–55 percent of the 

respondent farmers adopt afforestation. If the proportion of immediate upstream 

neighbourhood adoption of afforestation is over 50 percent, then the adoption rate among 

respondent farmers is around 80 percent. Therefore, a particular adoption measure is lower 

when its adoption measure is lower in the immediate upstream neighbourhood; the converse is 

also true. 

Figure 1: Percentage of Adoption of Intensive Soil Conservation Measures in Immediate Upstream 
Neighbourhood Farms and Sample Percentage Distribution of Soil Conservation Measures at Farm    

 
Source: Based on primary survey carried out in Darjeeling District, West Bengal, India carried out in the year 2013 
Note: Immediate upstream neighbourhood farms represent the most immediate nine upstream surrounding farms 
from the farm of the respondent. 
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7 Results from Different Models 

7.1 Estimated Coefficients from Non-spatial Analysis 

We first estimate a probit model of adoption that does not incorporate any spatial dimensions, 

using the variables as discussed in Section 6.3 above. This serves as a benchmark for the results 

of the various spatial probit models. We also include the interactions between soil conservation 

practices in the neighbourhoods upstream.9 

The estimated marginal effects (using equation 20 in Section 4.1 above) are presented in Table 

3, along with heteroscedastic-consistent robust standard errors. They suggest that information on 

proportion of immediate upstream neighbours practising contour, afforestation and bamboo 

plantation are significant. We conduct a Wald Test (Cameron and Trivedi, 2005) to check if the 

coefficients of the interaction terms of information on soil conservation practices in the 

immediate upstream neighbourhood are jointly and significantly different from zero. We find 

that they are, which suggests that the interaction between soil conservation practices in 

neighbourhoods immediately upstream affects a farm’s adoption of soil conservation practices. 

Other significant variables include distance to the nearest local market, farm size, household size, 

soil stoniness and altitude of the farm in meters and dummies for very high soil erosion prone 

sub-watershed and for sub-watershed treatment.  

The information on proportion of immediate neighbours upstream practising contour and 

afforestation has the largest marginal effects on adoption: an increase of 1 percentage point in 

the proportion of upstream neighbours practising, respectively, contour and afforestation raises 

the probability of on-farm adoption by 0.31 and 0.43. This implies that upstream adoption has 

positive externalities downstream. The only significant interaction term is the interaction of the 

proportions of contour and afforestation adopters in the upstream neighbourhood. An increase of 

1 percentage point in the proportion of simultaneous adoption of contour and afforestation 

decreases the probability of adoption by 0.05. The above findings indicate that assuming that 

adoption outcomes are independent from adoption in the neighbourhood immediately upstream 

is not plausible. 

 

                                                           
9 We have three specifications for the non-spatial probit model: Models 1, 2 and 3. We conduct a likelihood ratio 
test to find out which of the three alternative models best suit the data, and find Model 1 best suited. The marginal 
effects of Models 2 and 3 are given in Appendix Table 3.1 
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Table 3: Non-Spatial (Ordinary) Probit Analysis Results (Marginal Effects) of Factors Influencing 
Adoption of Soil Conservation Practices 

Variables  Model 1 
Socio-economic variables 

Age of the household head  (years) 0.002 (0.003) 
Years of education of household head (years) 0.014 (0.009) 
Household member between age 14-65 (%) -0.121 (0.141) 
Household size 0.032* (0.017) 
Proportion of household members who have at least 10 years of schooling -0.023 (0.151) 
Experience of household head in agriculture (years) 0.003 (0.003) 

Market access Variables 
Distance to nearest local market from farm  (in meters) -7.62e-06** (3.11e-06) 
Distance to all-weather road (in meters) -1.88e-05* (1.07e-05) 

Farm characteristics 
Farm area in acres 0.061* (0.033) 
Altitude of the farm in meters  -0.000** (6.45e-05) 
Soil texture 0.003 (0.038) 
Soil color 0.043 (0.031) 
Soil stoniness -0.068* (0.042) 

Villages and sub-watershed characteristics 
Forest village dummy† 0.089 (0.070) 
Very high soil erosion prone sub-watershed dummy††† 0.209** (0.094) 
Sub-watershed treatment dummy††† -0.200** (0.095) 

Information on  soil conservation practice in immediate upstream neighbourhood 
Contour bunding (%) 0.313** (0.134) 
Afforestation (%) 0.431*** (0.116) 
Bamboo plantation (%) 0.239** (0.114) 
Contour bunding (%) X  Afforestation (%) -0.053** (0.023) 
Contour bunding (%) X  Bamboo plantation (%) 0.115 (0.110) 
Afforestation (%) X  Bamboo plantation (%) -0.209 (0.147) 
Number of Observations 432 

Sources: 1) A primary survey carried out in Darjeeling District, West Bengal, India, in the year 2013, 2) Kalimpong Soil 
Conservation Division (2010), Kurseong Soil Conservation Division, (2011). 
Notes: 1) Standard deviation in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 3) Adopter 
=> farmers who adopted at least two soil conservation practices from stone bunding, afforestation and bamboo plantation; Non-
adopter => farmers who adopted, at most, one soil conservation practice, 4) Number of adopters: 211, number of non-
adopters:221, 5) In treated sub-watersheds, the state forest department of West Bengal has taken soil conservation measures. In 
untreated sub-watersheds, no government initiative for soil conservation, 6) $ Sediment Yield Index is 1450 and above, $$ 
Sediment Yield Index 1350 -1449, $$$ Sediment Yield Index 1250-1349, “Sediment Yield Index” calculated as “weighted 
arithmetic mean of the products of the erosion intensity weightage value and delivery ratio over the entire area of the hydrologic 
unit by using suitable empirical equation” ( Soil and Land Use Survey of India, slusi.dacnet.nic.in/rrs.pdf, February 2, 2014), 7) 
Soil texture, soil color and soil stoniness have been reported by the respondent according to a hedonic scale. Scale of soil texture: 
sandy/coarse--- 1, loamy/medium coarse—2, clay- 3, silt-4; Scale of soil color: grey - 1, reddish - 2, brown - 3, black – 4; Scale 
of soil stoniness: high stoniness- 1, medium stoniness- 2, low stoniness-scale 3, non-stony- 4. 8) Marginal Effect is based on 
equation (19) 

 

http://slusi.dacnet.nic.in/rrs.pdf%20on%202/2%202014
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However, the analysis above has a limitation: as the discussion so far limits the neighbourhood 

to only the nine farm farms immediately upstream, the non-spatial probit model may provide 

only limited information on the interaction in adoption behaviour. The strategic interaction may 

prevail even outside the immediate upstream neighbourhood, and within the village or outside it. 

Importantly, the presence of any sort of spatial pattern in outcome, or error, or both outcome and 

error, may provide a biased marginal effect of the explanatory variables. 

7.2 Spatial Analysis 

We estimate three sets of spatial models—spatial lag model (equation 8), spatial error model 

(equation 12) and general spatial autocorrelation model (equation 15)—and present the resulting 

estimates of spatial correlation parameters ρ (outcome) and λ (error) in Table 4 for a range of 

specifications of the spatial weighting matrix, including the inverse distance spatial weight matrix 

(𝜌𝜌) and the contiguity matrix (𝜌𝜌𝑊𝑊).  

Table 4: Spatial Parameter Estimate for Spatial Models by Neighbours Cut-off Distance and 
Weighting Matrix 

Neighbours cut-off 
 

Spatial parameter   
posterior mean  of 
Spatial Lag Model 

(ρ) 

Spatial parameter   
posterior mean of 

Spatial Error  
Model (γ) 

Spatial parameter   posterior mean 
of General Spatial  Model 

ρ                           γ 

Inverse Distance Decay Matrix 

Up to 1 Kilometre 0.62*** 0.63*** 0.39** 0.20 

Up to 3 Kilometres 0.60*** 0.64*** 0.44*** 0.11 

Up to 5 Kilometres 0.62*** 0.69*** 0.49** 0.04 

Contiguity Matrix 

Within Village  0.37*** 0.42*** 0.26** 0.17 

Nearest 1 Village in 
sample 

0.35*** 0.58*** 0.21** 0.33 

Source: 1) Based on primary survey carried out in Darjeeling District, West Bengal, India carried out in the year 
2013. 
Notes: 1) Standard error in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 2) In 
inverse-distance matrix W, wij= 1/dij, where dij represents arial distance between point i and j in kilimeters, 3) In 
Contiguity Matrix WC, 𝑤𝑤𝑤𝑤𝑖𝑖𝑖𝑖 =  {0 𝑜𝑜𝑜𝑜ℎ𝜕𝜕𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝜕𝜕

1 𝑖𝑖𝑖𝑖 𝑖𝑖 𝑎𝑎𝑛𝑛𝑑𝑑 𝑖𝑖 𝑎𝑎𝑒𝑒𝜕𝜕 𝑛𝑛𝜕𝜕𝑖𝑖𝑛𝑛ℎ𝑏𝑏𝑜𝑜𝑢𝑢𝑒𝑒𝑒𝑒  4) NA = Not Applicable.  

 
Note that for all variants of spatial weight matrix, the estimated posterior mean of ρ of the 

spatial lag model and the estimated posterior mean of 𝛾𝛾 of the spatial error model are 

statistically significantly different from zero. This justifies the use of spatial probit models 

rather than of the non-spatial probit model, and suggests that farmers within the specified 

neighbourhood are spatially dependent. This spatial dependency is due to dependency in 
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adoption and/or in unobserved factors. However, when spatial dependence in both outcome 

and error are modelled together through estimation of the general spatial autocorrelation model, 

then the estimated spatial correlation on outcome, that is posterior mean of ρ remains 

significant but estimated spatial correlation on error, which is posterior mean of λ is 

insignificant across all the distance decay spatial weight matrices. Similarly, when we use 

contiguity matrix as spatial weight matrix, the spatial lag estimator (ρ) of the general spatial 

autocorrelation model for neighbourhood within a village and nearest village is significant, but 

the estimated λ is not significant. 

Taken together, the results from three different spatial models suggest that the spatial lag model 

best describes our data, and is therefore used for further analysis. The significance of the spatial 

parameter suggests that a farmer’s adoption of soil conservation practices positively influences 

neighbouring farmers’ adoption decision. This still leaves the question of which of the various 

spatial weight matrices W to use. To select one, we compare the posterior probabilities of 

adoption (equation 18) of five different weight matrices of the spatial lag model (Table 5). From 

the magnitudes, it appears that using an inverse weight matrix up to neighbourhood cut-off three 

kilometres is the best fit for spatial analysis, as it has the highest posterior probability. 

Table 5: Posterior Probability of adoption Spatial Lag Model by Neighbours Cut-off Distance and 
Weighting Matrix 

           Inverse Distance Decay Matrix                          Contiguity Matrix 

Neighbours cut-off Posterior Probability Neighbours cut-off Posterior Probability 

Up to 1 Kilometre 0.04 Within Village 0.26 

Up to 3 Kilometres 0.27 
Nearest 1 Village in sample 0.05 

Up to 5 Kilometres 0.04 

Source: 1) Based on primary survey carried out in Darjeeling District, West Bengal, India carried out in the year 
2013. 
Notes: 1) In inverse-distance matrix W, wij= 1/dij, where dij represents arial distance between point i and j in 
kilometres, 2) In Contiguity Matrix WC, 𝑤𝑤𝑤𝑤𝑖𝑖𝑖𝑖 =  {0 𝑜𝑜𝑜𝑜ℎ𝜕𝜕𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝜕𝜕

1 𝑖𝑖𝑖𝑖 𝑖𝑖 𝑎𝑎𝑛𝑛𝑑𝑑 𝑖𝑖 𝑎𝑎𝑒𝑒𝜕𝜕 𝑛𝑛𝜕𝜕𝑖𝑖𝑛𝑛ℎ𝑏𝑏𝑜𝑜𝑢𝑢𝑒𝑒𝑒𝑒  4) NA = Not Applicable, 4) Posterior 
Probability is calculated from the expression (18)..  

 
On the basis of these results, this study estimates and analyses a spatial lag model with an inverse 

distance matrix up to three kilometres as the spatial weight matrix. Since the posterior probability 

of the spatial lag model for within village contiguity matrix is 0.26, which is not much smaller 

than 0.27, we also estimate the spatial lag model with for within village contiguity matrix.  
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7.3 Results of Spatial Lag Probit 

Using the same set of covariates as used in Model 1 of non-spatial analysis of the adoption 

decision, estimates from a spatial lag model using a neighbourhood defined as extending up to 

three kilometres radius (inverse distance matrix) are reported in Table 6.10 The table presents 

direct, indirect and total effects, as explained in equation 21, along with 95 percent confidence 

intervals. As mentioned in Section 4.1, the direct effects are the diagonal element of equation 

(20), which captures the change in the probability of adoption of the ith farmer due to a small 

change in the explanatory variable of the same farmer, and has a similar interpretation as the 

marginal effect in a non-spatial probit model. 

All the coefficients of household characteristics have 90 percent confidence intervals that include 

zero (apart from the coefficient for the household size). The direct effect of the household size is 

0.02, that is, an increase of 1 member of famer i’s household increases farmer i's probability of 

adoption by 0.02. The indirect effect of the same variable is 0.03, that is, the probability of 

adoption by farmer i due to an increase in 1 household member in the family of the 

neighbourhood of farmer i increases by 0.03. However, the 90 percent confidence interval of 

indirect effect of this variable includes zero. It implies that spatial spill over effect of family size 

on adoption is not credible. The total impact of the variable, therefore is 0.05; this variable was 

significant in the non-spatial analysis too. This finding is in line with previous studies such as 

Teklewood et al., 2014. However, proportion of household members between ages 14 to 65 is 

neither significant in spatial model nor in non-spatial model. This positive relationship between 

the household size and probability of adoption intuitively may be due to adoption measures are 

labour intensive. Larger household can devote more labour for soil conservation irrespective of 

the age composition within a household.  

The total area of the farm, which is part of the farmer’s asset holding, has the expected positive 
sign in the spatial lag model. More specifically, with the increase of every additional acre in the 
farm area of farmer i, the probability of farmer i's adoption of soil conservation practices increases 
by 0.04. Intuitively, it implies household with larger farm area are more likely to devote resource 
or take away land out of cultivation for adoption. The adoption measure such as afforestation and 
bamboo plantation can be seen as diversification of farm production activity. The study such as 
Pope and Prescott (1980) suggests positive association between farm production diversification 
and farm size.  The indirect effect of the farm area is 0.07, and its total effect is 0.11. The 90 percent 

                                                           
10 In this inverse distance weight matrix, the absolute log likelihood value is highest in Model 1, and justifies its 
selection over Models 2 and 3 even in spatial analysis. 
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confidence interval of indirect effect of farm area does not include zero, implying a significant 
cumulative effect of neighbours’ farm size on probability of adoption. Farm size in the 
neighbourhood is also associated with asset holding in the neighbourhood. Therefore, larger farm 
size in the neighbourhood can help the farmer to access informal credit, remittance and/or 
participate as agricultural labour. These factors can have cumulative positive effect on probability 
of adoption of soil conservation. None of the other farm characteristics has a significant impact in 
the spatial lag model. This is contrary to the findings of Bekele and Drake (2003) and of Wossen 
et al. (2015). This is also in contradiction to the finding of the non-spatial probit model of this study, 
where soil stoniness negatively affects adoption. 

In non-spatial probit analysis, market access variables (such as distance to the nearest market and 

all-weather road) have a negative marginal effect (though small). Similar results are found in the 

study of Teklewood et al. (2014), though its marginal effects are larger than in this study. Our 

hypothesis about the transaction cost was negative impact on probability of adoption. Since 

distance to the market is supposed to impose added transaction cost on farmer to hire/purchase 

inputs (such as stone, sapling, labour etc.) and sell output (such as wood, fodder, bamboo etc.) of 

adoption measure. However, in the spatial lag probit model, these variables have no effects on 

adoption. Since significant mass of 90 percent interval straddling the origin. The explanation for 

non-significant effect may relate to the fact that farmers have access of inputs through local 

network. At the same time they use wood, fodder bamboo etc. for self-consumption and/or selling 

in or around nearby neighbourhood.  

As far as sub-watershed and village level variables are concerned, the coefficients associated 
with the dummy for sub-watershed of very/high soil erosion prone category and treatment status 
of sub-watershed have positive and negative marginal impact under non-spatial probit, 
respectively. However, both these variables have insignificant effects in spatial analysis. 
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Table 6: Spatial Lag Probit Model Estimates of Factors Influencing Adoption of Soil 
Conservation Practices with Neighbourhood up to Three Kilometres (Spatial Distance 
Matrix) 

Variable Direct Effect Indirect Effect Total Effect 

Socio Economic Variables 

Age of the Household  Head (Years) 0.002 (-0.001 to 0.005) 0.002 (-0.002 to 0.010) 0.005  (-0.003 to 0.014) 

Years of Education of Household Head (Years) 0.009(-0.001 to 0.019) 0.015 (-0.001 to 0.041) 0.025 ( -0.002 to 0.057) 

Household size 0.021 (0.002 to 0.039) 0.038 (-0.003 to 0.098) 0.059 (0.005 to 0.132) 

Household Member between age 14-65 (%) -0.105 (-0.267 to 0.058) -0.187 (-0.587 to 0.094) -0.292  ( -0.784 to 0.163) 

Proportion of household members studied at 
least 10 years -0.037 (-0.198 to 0.119) 0.059 (-0.372 to 0.209) -0.097 (-0.557 to 0.327) 

Experience of household head in agriculture  
(Years) 0.002  (-0.001 to 0.005) 0.004 (-0.001 to 0.012) 0.006 (-0.002 to   0.017) 

Market Access Variables 

Distance to Market From Farm (Meters) 0.000 (0.000 to 0.000) -0.000 (0.000 to 0.000) -0.000 (-0.000 to -0.000) 

Distance to all weather Road (Meters)  0.000 (0.000 to 0.000) -0.000 (0.000 to 0.000) -0.000 (-0.000 to -0.000) 

Farm Characteristics 

Farm Size  (Acre) 0. 04 (0.009 to 0.07) 0.072 (0.011 to 0.165) 0.112 (0.021 to 0.236) 

Altitude of the farm ( Meters) -0.000 (-0.000 to 0.000) -0.000 (-0.000 to 0.000) -0.000 (-0.000 to 0.000) 

Soil Texture$ -0.005 (-0.048 to 0.035) -0.011 (-0.102 to 0.064) -0.017 (-0.141 to  0.094) 

Soil Colour$$ 0.03 (-0.01 to 0.065) 0.049 (-0.012 to0.145) 0.078 (-0.023 to 0.201) 

Soil Stoniness$$$  -0.043 (-0.088 to 0.000) -0.0745(-0.206 to 0.000) -0.119 (-0.282 to 0.000) 

Villages and sub-watershed characteristics 

Forest Village Dummy† 0.052 (-0.034 to 0.148) 0.088 (-0.056 to 0.292) 0.140 (-0.0911 to 0.407) 

Very high soil erosion prone sub-watershed 
Dummy†† 0.025 (-0.101 to 0.055) 0.039 (-0.192 to 0.099) -0.064 (-0.285 to  0.162) 

Sub-watershed treatment Dummy††† -0.017 (-0.096 to 0.063 ) -0.027(-0.200 to 0.124) -0.043 (-0.288 to  0.182) 

Information on Soil Conservation Practice in Immediate Upstream Neighbourhood 

Contour Bunding (%) 0.165 (0.032  to 0.285) 0.285 (0.042 to  0.670) 0.450 (0.086 to  0.920) 

Afforestation (%) 0.231 (0.119 to 0.343) 0.406 (0.107 to 0.862) 0.638 (0.270 to 1.163) 

Bamboo Plantation (%) 0.156  (0.025 to 0.293) 0.268 (0.031 to 0.634) 0.425 (0.063 to 0.875) 

Contour Bunding X Afforestation (%) 0.021 (-0.038 to 0.084) 0.035 (-0.081 to 0.173) 0.056 (-0.112 to  0.253) 

Contour Bunding X Bamboo Plantation %) 0.041  (-0.077 to 0.165) 0.073 (-0. 134 to 0.324) 0.114 (-0.199 to  0.476) 

Afforestation X Bamboo Plantation (%) -0.138 (-0.257 to -0.022) -0.238 (-0.564 to -0.021) -0.376 (-0.788 to  -0.058) 

Sources: 1) A primary survey carried out in Darjeeling District, West Bengal, India, in the year 2013, 2) Kalimpong Soil 
Conservation Division (2010), Kurseong Soil Conservation Division, (2011). 
Notes: 1) Standard deviation in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 3) Adopter => 
farmers who adopted at least two soil conservation practices from stone bunding, afforestation and bamboo plantation; Non-adopter => 
farmers who adopted, at most, one soil conservation practice, 4) Number of adopters: 211, number of non-adopters:221, 5) In treated 
sub-watersheds, the state forest department of West Bengal has taken soil conservation measures. In untreated sub-watersheds, no 
government initiative for soil conservation, 6) $ Sediment Yield Index is 1450 and above, $$ Sediment Yield Index 1350 -1449, $$$ 
Sediment Yield Index 1250-1349, “Sediment Yield Index” calculated as “weighted arithmetic mean of the products of the erosion 
intensity weightage value and delivery ratio over the entire area of the hydrologic unit by using suitable empirical equation” ( Soil and 
Land Use Survey of India, slusi.dacnet.nic.in/rrs.pdf, February 2, 2014), 7) Soil texture, soil color and soil stoniness have been reported 
by the respondent according to a hedonic scale. Scale of soil texture: sandy/coarse--- 1, loamy/medium coarse—2, clay- 3, silt-4; Scale of 
soil color: grey - 1, reddish - 2, brown - 3, black – 4; Scale of soil stoniness: high stoniness- 1, medium stoniness- 2, low stoniness-scale 
3, non-stony- 4. 8) Direct, indirect and total effect is based on equation (20).  

 
Information on upstream neighbours’ adoption of soil conservation measures positively affects 
the probability of on-farm adoption. This is similar to the results from the non-spatial probit 
model. The information of proportion of neighbours immediately upstream that practise contour 

http://slusi.dacnet.nic.in/rrs.pdf%20on%202/2%202014


26 
 

bunding, afforestation and bamboo plantation significantly and positively impact adoption. The 
indirect effect is, 0.28, while the direct effect is 0.17. This suggests that for every percentage 
point increase in the information of adoption of contour by immediate upstream neighbours of 
farmer j (farmer i’s neighbour), farmer i's probability of adoption increases by 0.28 points. The 
significant indirect effect of this explanatory variable indicates that farmer i’s adoption decision 
is influenced by the information on adoption decision of not only his own immediate upstream 
neighbours but also by that of the immediate upstream neighbours of any other farmer j, in the 
radius of three kilometres. The total effect of information on proportion of immediate neighbour 
in upstream practising contour is, thus, 0.45. The direct, indirect and total effects of the 
information of proportion of immediate upstream neighbour adopting afforestation are 0.23, 0.41 
and 0.64 respectively. Again, the direct, indirect and total effect of information on proportion of 
immediate upstream neighbour practising of practising bamboo plantation together are 0.16, 0.27 
and 0.43, respectively. The significance of the direct effect on suggests that neighbourhood 
effects are important and positively impact adoption. Also important is the positive indirect 
effect, as it provides empirical evidence that adoption of soil conservation practice is not limited 
only to the immediate upstream but is diffused over the entire specified neighbourhood (radius 
up to three kilometres), and that farmers communicate with each other (Lapple and Kelly, 2015). 
The information on joint adoption of afforestation and bamboo plantation affects adoption 
negatively in terms of direct, indirect and total effect. The same variable had an insignificant 
marginal impact in non-spatial probit. On the contrary, the joint adoption of contour and 
afforestation has a negative marginal impact on adoption in the non-spatial probit model, but an 
insignificant impact in the spatial lag probit model. 

 A comparison of the coefficients representing the direct effect of the spatial probit model and 
the marginal effect of the non-spatial probit model suggests major differences. The effect of farm 
area on the probability of adoption experiences a decline by 33 percent in the spatial model 
compared to the non-spatial model. Similarly, the effect of information proportion of upstream 
neighbours practising contour bunding, afforestation and bamboo plantation on probability of 
adoption is reduced by 48 percent, 46 percent and 4 percent, respectively, in the spatial model. 
The differences in the magnitudes of the marginal effects suggests that considering only a probit 
model that does not account for spatial dependence in outcomes likely results in biased estimates. 

To assess if these coefficients differ if one uses the spatial contiguity matrix instead, the 
corresponding direct, indirect and total effects estimated from the spatial lag probit using a 
within-village contiguity matrix are presented in Table 7. In this case, the variables, like 
household size, soil stoniness have significant direct, indirect and total effects. Soil stoniness 
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has insignificant effects in Table 6. Moreover, farm size has significant effects in Table 6. In 
Table 7, this variable has insignificant effects. Like in the spatial lag probit model with 
neighbours up to three kilometres (Table 6), in this model (Table 7) the information on the 
proportion of adoption of measures like contour bunding, afforestation, bamboo plantation and 
interaction of afforestation and bamboo plantation has significant effects on probability of 
adoption. 

So far, in our discussion, we have defined as adopters those farmers who adopted at least two 
practices of contour bunding, afforestation and bamboo plantation. Now, we change the 
definition of adopters to those farmers who adopted bamboo plantation and afforestation, and of 
non-adopters to those farmers who adopted only bamboo plantation. In this categorisation, we 
are left with 315 observations. However, the posterior mean of spatial lag parameter (ρ) for spatial 
lag model is still significant, and it is 0.46 for spatial lag probit with neighbourhood cut-off up to 
three kilometres. The significance of posterior mean of spatial lag parameter suggests that the 
spatial dependence of soil conservation measure is robust. The direct, indirect and total effects 
of this spatial lag model are presented in Table 8. 

The variables such as household members between age 14-65, the information on proportion of 
adoption of measures like afforestation and bamboo plantation in the immediate upstream 
neighbourhood have significant effects on the simultaneous adoption of afforestation and 
bamboo plantation. All these variables on information on soil conservation measures in the 
immediate upstream neighbourhood have credible 90 percent confidence interval in Tables 6 and 
7. Unlike in Tables 6 and 7, the information on the proportion of contour bunding in the 
immediate upstream neighbourhood does not have any significant effect on the simultaneous 
adoption of afforestation and bamboo plantation. It demonstrates that information on the 
proportion of neighbours that adopts contour bunding as a soil conservation measure does not 
amount to a change in the probability of simultaneous adoption of afforestation and bamboo 
plantation. However, Tables 6, 7 and 8 differ in terms of farm size and interaction term of 
information on the proportion of afforestation and bamboo plantation in the immediate upstream 
neighbourhood. Both these variables have significant effects in Table 6 and 7 but insignificant 
effects in Table 8. 
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Table 7: Spatial Lag Probit Model Estimates of Factors Influencing Adoption of Soil Conservation 
Practices with Neighbourhood defined as being within Village (spatial contiguity matrix) 

Variable Direct Effect Indirect Effect Total Effect 
Socio Economic Variables 

Age of the Household  Head (Years) 0.001 (-0.002 to 0.004) 0.001 (-0.001 to 0.002) 0.002 (-0.003 to 0.006) 
Years of Education of Household Head 
(Years) 0.010(-0.000 to 0.020) 0.005 (-0.000 to 0.012) 0.014 (-0.001 to 0.030) 

Household size  0.021 (0.002 to 0.039) 0.010  (0.000 to 0.024) 0.031 (0.003 to 0.060) 
Household Member between age 14-65 (%) -0.103 (-0.263 to 0.61) -0.049 (-0.148 to 0.029) -0.153 (-0.38 to -0.092) 
Proportion of household members studied at 
least 10 years -0.030 (-0.187 to 0.129) -0.014 (-0.103 to 0.065) -0.045 (-0.282 to 0.189) 

Experience of household head in agriculture 
(Years) 0.002 (-0.001 to 0.006) 0.001 (-0.005 to 0.003) 0.003 (-0.001 to 0.008) 

Market Access Variables 
Distance to Market From Farm (Meters) -0.000(-0.000 to -0.000) -0.000 (-0.000 to -0.000) -0.00(-0.000 to -0.000) 
Distance to all weather Road (Meters)  -0.000(-0.000 to 0.000) -0.000 (-0.000 to 0.000) -0.000(-0.000 to 0.000) 

Farm Characteristics 
Farm Area  (Acre) 0.037 (-0.007 to 0.066) 0.018 (0.001 to 0.044) 0.055 (-0.010 to 0.104) 
Altitude of the farm ( Meters) -0.000 (-0.000 to 0.000) -0.000 (-0.000 to 0.000) -0.000 (-0.000 to 0.000) 
Soil Texture$ 0.001(-0.041 to 0.042) -0.000 (-0.022 to 0.020) -0.002 (-0.062 to 0.059) 
Soil Colour$$ 0.026 (-0.011 to 0.062) 0.012 (-0.004 to  0.034) 0.038 (-0.016 to 0.091) 
Soil Stoniness$$$  -0.052 (-0.097 to -0.009) -0.024 (-0.058 to -0.002) -0.077 (-0.148 to -0.012) 

Villages and sub-watershed characteristics 
Forest Village Dummy† 0.052 (-0.037 to 0.137) 0.025 (-0.017 to 0.080) 0.077(-0.051 to 0.213) 
Very high erosion prone sub-watershed 
Dummy†† -0.030 (0.107 to 0.52) -0.013 (-0.055 to 0.027) -0.043 (-0.161 to 0.80) 

Sub-watershed treatment Dummy††† -0.0134(-0.093 to 0.064) -0.007 (-0.055 to 0.035) -0.021 (-0.146 to 0.096) 
Information on Soil Conservation Practice in Immediate Upstream Neighbourhood 

Contour Bunding (%) 0.168 (0.029 to 0.291) 0.079 (0.011 to 0.177) 0.248 (0.047 to 0.438) 
Afforestation (%) 0.229 (0.118 to 0.347) 0.110 (0.026 to 0.220) 0.340 (0.170 to 0.525) 
Bamboo Plantation (%) 0.158 (0.034 to 0.283) 0.077 (0.007 to 0.170) 0.236 (0.046 to 0.425) 
Contour Bunding X Afforestation (%) -0.004 (-0.043 to 0.045) -0.002 (-0.025 to 0.021) -0.006 (-0.067 to 0.063) 
Contour Bunding X Bamboo Plantation (%) 0.065 (-0.039 to 0.187) 0.032 (-0.019 to 0.105) 0.98 (-0.058 to 0.282) 
Afforestation X Bamboo Plantation (%) -0.146 (-0.257 to -0.018) -0.065 (-0.156 to -0.005) -0.201 (-0.402 to -0.026) 

Sources: 1) A primary survey carried out in Darjeeling District, West Bengal, India, in the year 2013, 2) Kalimpong Soil 
Conservation Division (2010), Kurseong Soil Conservation Division, (2011). 
Notes: 1) Standard deviation in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 3) Adopter => 
farmers who adopted at least two soil conservation practices from stone bunding, afforestation and bamboo plantation; Non-adopter => 
farmers who adopted, at most, one soil conservation practice, 4) Number of adopters: 211, number of non-adopters:221, 5) In treated 
sub-watersheds, the state forest department of West Bengal has taken soil conservation measures. In untreated sub-watersheds, no 
government initiative for soil conservation, 6) $ Sediment Yield Index is 1450 and above, $$ Sediment Yield Index 1350 -1449, $$$ 
Sediment Yield Index 1250-1349, “Sediment Yield Index” calculated as “weighted arithmetic mean of the products of the erosion 
intensity weightage value and delivery ratio over the entire area of the hydrologic unit by using suitable empirical equation” ( Soil and 
Land Use Survey of India, slusi.dacnet.nic.in/rrs.pdf, February 2, 2014), 7) Soil texture, soil color and soil stoniness have been reported 
by the respondent according to a hedonic scale. Scale of soil texture: sandy/coarse--- 1, loamy/medium coarse—2, clay- 3, silt-4; Scale of 
soil color: grey - 1, reddish - 2, brown - 3, black – 4; Scale of soil stoniness: high stoniness- 1, medium stoniness- 2, low stoniness-scale 
3, non-stony- 4. 8) Direct, indirect and total effect is based on equation (20).   
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Table 8: Spatial Lag Probit Model Estimates of Factors Influencing Adoption of Soil Conservation 
Practices with Neighbourhood up to Three Kilometres (alternative adoption definition) 

Variable Direct Effect Indirect Effect Total Effect 
Socio Economic Variables 

Age of the Household  Head (Years) -0.001(-0.005 to 0.003) -0.001(-0.008 to 0.003) -0.002(-0.012 to 0.006) 
Years of Education of Household Head (Years) 0.008(-0.004 to 0.020) 0.008(-0.005 to 0.031) 0.015(-0.010 to 0.046) 
Household size  0.024(-0.001 to 0.052) 0.026(-0.001 to 0.093) 0.051(-0.002 to 0.135) 
Household Member between age 14-65 (%) -0.255(-0.480 to -0.045) -0.282(-1.042 to -0.012) -0.537(-1.442 to -0.083) 
Proportion of household members studied at least 
10 years 0.165(-0.061 to 0.386) 0.171(-0.058 to 0.712) 0.336(-0.111 to 0.991) 

Experience of household head in agriculture (Years) 0.003(-0.001 to 0.008) 0.004(-0.001 to 0.013) 0.007(-0.001 to 0.018) 
Market Access Variables 

Distance to Market From Farm (Meters) -0.000 (-0.000 to 0.000) -0.000(-0.000 to 0.000) -0.000(-0.000 to 0.000) 
Distance to all weather Road (Meters)  -0.000 (-0.000 to -0.000) -0.000(-0.000 to -0.000) -0.000(-0.000 to -0.000) 

Farm Characteristics 
Farm Area  (Acre) 0.018(-0.016 to  0.055) 0.017(-0.017 to  0.073) 0.035(-0.034 to 0.119) 
Altitude of the farm ( Meters) -0.000(-0.000 to 0.000) -0.000(-0.000 to 0.000) -0.000(-0.000 to 0.000) 
Soil Texture$ -0.031(-0.088 to 0.025) -0.035(-0.158 to 0.021) -0.066(-0.231 to 0.045) 
Soil Colour$$ 0.031(-0.017 to  0.077) 0.033(-0.016 to 0.137) 0.065(-0.032 to 0.200) 
Soil Stoniness$$$  -0.004(-0.065 to 0.052) -0.001(-0.076 to 0.076) -0.005(-0.130 to 0.122) 

Village Characteristics 
Forest Village Dummy† 0.074(-0.035 to 0.177) 0.077(-0.033 to 0.317) 0.151(-0.066 to 0.445) 
Very high & high soil erosion prone sub-
watershed Dummy†† -0.094(-0.240 to 0.040) -0.097(-0.374 to 0.040) -0.192(-0.552 to 0.080) 

Sub-watershed treatment Dummy††† -0.119(-0.247 to 0.002) -0.120(-0.415 to 0.004) -0.238(-0.586 to 0.005) 
Information on Soil Conservation Practice in Immediate Upstream Neighbourhood 

Contour Bunding (%) -0.029(-0.273 to   0.182) -0.031(-0.379 to 0.230) -0.060(-0.594 to  0.379) 
Afforestation (%) 0.326(0.127 to 0.530) 0.336(0.030 to  0.957) 0.663(0.234 to 1.350) 
Bamboo Plantation (%) 0.218(0.022 to 0.429) 0.230(0.006 to  0.831) 0.448(0.034 to  1.168) 
Contour Bunding (%) X  Afforestation (%) 0.006(-0.055 to 0.094) 0.005(-0.085 to 0.117) 0.010(-0.130 to 0.195) 
Contour Bunding (%) X  Bamboo Plantation (%) 0.031(-0.218 to 0.289) 0.027(-0.269 to 0.370) 0.058(-0.468 to 0.656) 
Afforestation (%) X  Bamboo Plantation (%) -0.078(-0.407 to 0.233) -0.079(-0.598 to 0.273) -0.157(-0.898 to  0.511) 

Sources: 1) A primary survey carried out in Darjeeling District, West Bengal, India, in the year 2013, 2) Kalimpong Soil 
Conservation Division (2010), Kurseong Soil Conservation Division, (2011). 
Notes: 1) Standard deviation in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 3) Adopter => 
farmers who adopted at least two soil conservation practices from stone bunding, afforestation and bamboo plantation; Non-adopter => 
farmers who adopted, at most, one soil conservation practice, 4) Number of adopters: 211, number of non-adopters:221, 5) In treated 
sub-watersheds, the state forest department of West Bengal has taken soil conservation measures. In untreated sub-watersheds, no 
government initiative for soil conservation, 6) $ Sediment Yield Index is 1450 and above, $$ Sediment Yield Index 1350 -1449, $$$ 
Sediment Yield Index 1250-1349, “Sediment Yield Index” calculated as “weighted arithmetic mean of the products of the erosion 
intensity weightage value and delivery ratio over the entire area of the hydrologic unit by using suitable empirical equation” ( Soil and 
Land Use Survey of India, slusi.dacnet.nic.in/rrs.pdf, February 2, 2014), 7) Soil texture, soil color and soil stoniness have been reported 
by the respondent according to a hedonic scale. Scale of soil texture: sandy/coarse--- 1, loamy/medium coarse—2, clay- 3, silt-4; Scale of 
soil color: grey - 1, reddish - 2, brown - 3, black – 4; Scale of soil stoniness: high stoniness- 1, medium stoniness- 2, low stoniness-scale 
3, non-stony- 4. 8) Direct, indirect and total effect is based on equation (20).   

 

8 Conclusion, Policy Implication and Implications for Future Research 

This paper analysed the determinants of on-farm soil conservation practices in a watershed in the 

Eastern Himalayas in India. To do so, it considered neighbourhood effects to be crucial in the 

decision to adopt, given that soil conservation is location-specific, where “location” extends 

beyond an individual farm. Accounting for the role of spatial dependence is important for two 

http://slusi.dacnet.nic.in/rrs.pdf%20on%202/2%202014


30 
 

reasons. First, soil conservation in one farm can assist or constrain it in adjacent farms, due to 

strategic interaction. Second, many unobserved factors, like local amenities, contribute to 

adoption. The presence of the first factor results in spatial dependency in conservation practices, 

and of the second factor in spatial dependency in error.  In doing so, it also explicitly accounted 

for if a sub-watershed treatment by the Government had any bearing impact on on-farm soil 

conservation measure. We applied a model of spatial lag probit model (following Anselin (2002); 

LeSage and Pace (2009); and others) that allows us to capture neighbours’ influence on outcome 

(i.e., the adoption decision). The model choice was motivated by the fact that—once we allow 

for spatial dependence in outcome—the spatial dependence in error is no longer significant. We 

defined neighbours as geographic neighbours, both within the village and up to a distance of 

three kilometres. We used the Bayesian formulation of a standard probit model in conjunction 

with the MCMC to estimate the parameters. We also compared the estimators of spatial and non-

spatial probit. 

 The main finding, is that farmers located in close proximity (neighbours immediately upstream 

and within the sub-watershed) exhibit similar adoption behaviour; and that adoption of soil 

conservation measures is spatially interdependent. Spatial dependence in outcomes is important 

even after controlling for information on adoption behaviour in the immediate neighbourhood. 

Thus, models based on the non-spatial probit model are likely to yield biased estimates of the 

influence of key covariates in increasing adoption of on-farm soil conservation measures. 

Another important aspect of the spatial autocorrelation model is the explanation of marginal 

effects. The marginal effect of this model assesses both direct and indirect effects. It implies how 

changes in the value of an independent variable of farmer i influence his own soil conservation 

practices (direct effect), and how a small change in an independent variable of farmer j in the 

neighbourhood influences farmer i’s decision to adopt soil conservation practices (indirect 

effect). 

The study finds that household and farm characteristics are less important in adoption of soil 

conservation practices. The findings from the spatial lag probit suggest that sub-watershed 

treatment neither encourages farmers to adopt soil conservation practices nor discourages them 

from adopting these. It suggests that government investment in sub-watershed does not have any 

impact on private adoption at the farm. At the same time, the significance of the spatial parameter 

provides new avenues to influence adoption of soil conservation among farmers. Despite the 

change in spatial weight matrix, and the categorisation of adopters and non-adopters of soil 

conservation measures, these two broad findings remain significant. 



31 
 

The findings of the study may have relevance for policy makers. Given that the Himalayan 

mountains are one of the 34 biodiversity hotspots worldwide, and that agriculture is one of the 

major drivers of deforestation in the Himalayas, avenues like neighbourhood influence on the 

adoption of soil conservation practices) may be usefully exploited to promote soil conservation 

measures. It may be useful to invest in geographically-intensive information programmes for 

sustainable agricultural practices. For example, agricultural extension workers can target small 

group farmers in a village to provide relevant assistance (like technical knowhow, training and 

financial support) for suitable soil conservation (suitable for a particular agro climatic condition) 

which will then get diffused taking advantage of strategic interaction. In our survey the 

respondents reported that agricultural extension service is absent in the region. Therefore, the 

findings of this study can lead to an alternative incentive mechanism rather than relying on the 

existing centralised top-down approach to encourage farm level investment in soil conservation. 

There are several directions in which the research conducted in this study can be extended.  The 

first is to track these farmers over time, and to construct a panel data set.  This could help 

understand the timing of adoption decisions in general, of specific measures in particular; 

adoption decisions are undertaken gradually over time. Therefore, the non-adopter category of 

farmers in the present study includes both probable future adopters and never-adopters, and the 

adopter category includes recent adopters and long-time adopters. There could also be 

disadoption of soil conservation technologies in future. Understanding these dynamics and their 

implications is possible only through a panel study. Second, this study has used a narrow 

definition of neighbourhood, defined in term of physical proximity, that is, spatial distance.  

However, “neighbourhood” can also be defined in terms of socioeconomic, cultural and physical 

proximity and kinship ties.  The role played by strategic interaction defined in these terms in 

determining adoption could be considered in further research. 
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Appendix Table 1: Non-Spatial (Ordinary) Probit Analysis Result (Marginal Effects) of Factor 
Influencing Adoption of Soil Conservation Practices 

Variables  Model 2 Model 3 

                                                                                             Socio-economic variables 

Age of the household head  (years) 0.003 (0.003) 0.002(0.002) 

Years of education of household head (years) 0.014* (0.009) 0.012(0.008) 

Household member between age 14-65 (%) -0.107 (0.137) -0.048(0.135) 

Household size 0.027 (0.017) 0.011(0.016) 

Proportion of household members who have at least 10 years 
of schooling -0.065 (0.154) 0.015(0.135) 

Experience of household head in agriculture (years) 0.003 (0.003) 0.004*(0.003) 

     Market access variables 

Distance to nearest local market from farm  (in meters) 0***(0) 0***(0) 

Distance to all-weather road (in meters) 0***(0) 0***(0) 

Farm characteristics 

Farm area in acres 0.066** (0.032) 0.065** (0.032) 

Altitude of the farm in meters  -0.000** (6.21e-05) -0.000*** (6.02e-05) 

Soil texture 0.012 (0.037) 0.019 (0.034) 

Soil color 0.039 (0.030) 0.069** (0.029) 

Soil stoniness -0.072* (0.040) -0.075** (0.037) 

       Village and sub-watershed Characteristics 

Forest Village dummy† 0.058 (0.068) -0.060 (0.065) 

Very high soil erosion prone sub-watershed dummy†† 0.168* (0.096) 0.078 (0.095) 

Sub-watershed treatment dummy††† -0.136 (0.096) -0.003 (0.090) 

Information on soil conservation practice in immediate upstream neighbourhood 

Contour bunding (%) 0.329*** (0.091)  

Afforestation (%) 0.229* (0.127)  

Bamboo plantation (%) 0.134 (0.085)  

Number of observations 432 432 

Sources: 1) A primary survey carried out in Darjeeling District, West Bengal, India, in the year 2013, 2) Kalimpong Soil 
Conservation Division (2010), Kurseong Soil Conservation Division, (2011). 
Notes: 1) Standard deviation in parentheses, 2) ***, ** and * indicate significance at 1, 5 and 10 percent respectively, 3) Adopter 
=> farmers who adopted at least two soil conservation practices from stone bunding, afforestation and bamboo plantation; Non-
adopter => farmers who adopted, at most, one soil conservation practice, 4) Number of adopters: 211, number of non-
adopters:221, 5) In treated sub-watersheds, the state forest department of West Bengal has taken soil conservation measures. In 
untreated sub-watersheds, no government initiative for soil conservation, 6) $ Sediment Yield Index is 1450 and above, $$ 
Sediment Yield Index 1350 -1449, $$$ Sediment Yield Index 1250-1349, “Sediment Yield Index” calculated as “weighted 
arithmetic mean of the products of the erosion intensity weightage value and delivery ratio over the entire area of the hydrologic 
unit by using suitable empirical equation” ( Soil and Land Use Survey of India, slusi.dacnet.nic.in/rrs.pdf, February 2, 2014), 7) 
Soil texture, soil color and soil stoniness have been reported by the respondent according to a hedonic scale. Scale of soil texture: 
sandy/coarse--- 1, loamy/medium coarse—2, clay- 3, silt-4; Scale of soil color: grey - 1, reddish - 2, brown - 3, black – 4; Scale 
of soil stoniness: high stoniness- 1, medium stoniness- 2, low stoniness-scale 3, non-stony- 4. 8) Marginal Effect is based on 
equation (19) 
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