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Abstract 

Farmers in urbanizing areas face an opportunity cost of engaging in agriculture due to the wide availability 

of off-farm employment, but they can also benefit from the commercialization of agriculture and an 

increased demand for high value crops by urban residents. However, climate change increasingly poses a 

threat to agricultural productivity. We examine how peri-urban farmers adapt to these changing framework 

conditions focusing on the adoption of sustainable agricultural practices. We analyze how household 

location, agricultural output markets, off-farm labor markets, and access to information influence the 

adoption and adoption intensity of practices for water and erosion management (WEM), integrated pest 

management (IPM), soil fertility management (SFM), and an integrated package containing practices from 

all three categories. We use 534 plot-level observations for 351 farm households located in the rural-urban 

interface of Bangalore, India, and employ a poisson double hurdle model for our analysis. We find that 

household location has differential effects on adoption and adoption intensity and varies by category. A 

higher degree of commercialization and a higher share of adult household members that are engaged in off-

farm jobs increases the probability that farmers adopt WEM, IPM and the integrated package. More 

employment in the off-farm sector decreases the likelihood of SFM adoption, and the adoption intensity for 



all categories. Access to information has mixed effects and our results suggest that current policies and 

programs might promote technologies for agricultural intensification, rather than resource conservation.  

Keywords: sustainable agricultural practices; technology adoption; urbanization; Poisson double hurdle 

model; India 
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1. Introduction  

It is projected that by 2050, two-thirds of the world’s population will be living in cities. The most rapid 

urbanization is expected to take place in low-income and lower-middle-income countries, particularly in 

Asia and Africa (United Nations, 2019). Urbanization implies a transformation of land use in and around 

cities. The fragmentation of agricultural land and the loss of cropland due to urban expansion can lead to 

more intensified agricultural production on smaller areas of land (Bren d’Amour et al., 2017; Pribadi & 

Pauleit, 2015). Intensive agriculture, for example due to excessive use of chemical farm inputs, can put 

pressure on natural habitats and ecosystem services, which in turn has implications for agricultural 

productivity (Cumming et al., 2014; Tscharntke et al., 2012; Wenzel et al., 2020). Moreover, there is 

increasing competition for scarce natural resources like land, surface water and groundwater between 

farmers, industries and urban residents (Debolini et al., 2015; Narain & Nischal, 2007).  

Besides urbanization challenges, peri-urban farmers1 in developing countries are also facing challenges due 

to climate change (Pingali et al., 2019). In the wake of increased weather variability and climatic shocks 

like droughts, floods or heat, they need to find adaptation and mitigation strategies to cope with the 

implications of these events for agricultural productivity (Birthal & Hazrana, 2019). In India, recent studies 

suggest that climate shocks and environmental change can cause increased rural-urban migration by farmers 

(Sedova & Kalkuhl, 2020). Other studies find a re-allocation of labor to off-farm income activities by rural 

farmers in response to water scarcity, with little evidence for adoption of on-farm adaptation strategies 

(Blakeslee et al., 2020; Fishman et al., 2017).  

In urbanizing areas, there is an opportunity cost of engaging in agriculture due to the wide availability of 

off-farm employment (Steinhübel & von Cramon-Taubadel, 2020). On the one hand, rising wages in the 

urban off-farm sector might pull younger and better educated family members out of farming (Binswanger 

                                                             
1 For the purpose of our study, we define peri-urban farming as crop production taking place in the rural-urban 

continuum of cities. We consider crop production taking place at the fringe of cities and its rural surroundings, but 

not agricultural production within the city boundaries and no livestock activities (van Veenhuizen, 2006). 
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& Singh, 2018). On the other hand, a peri-urban location presents opportunities for farmers due to the 

potential benefits of commercialized agriculture (Cazzuffi et al., 2020). Urban growth might facilitate 

infrastructural development and connectivity to agricultural input and output markets, enable households 

easier access to credits and other services, and foster human capital development (Berdegué et al., 2015). 

This might enable farmers to shift from subsistence agriculture to more diversified and commercialized 

production (Pingali, 2007). Moreover, changing tastes and preferences of urban middle-class consumers can 

increase the demand for diversified and high value agricultural produce (Bairagi et al., 2020; Cockx et al., 

2019; Parthasarathy Rao et al., 2007; Tilman & Clark, 2014).   

The question arises how peri-urban farmers adapt to changing framework conditions arising from 

urbanization and climate change. Several recent studies have examined this question with a focus on the 

adoption of agricultural intensification technologies like modern farm inputs or irrigation technology 

(Abdulai et al., 2011; Patil et al., 2019; Steinhübel et al., 2020; Steinhübel & von Cramon-Taubadel, 2020). 

Their findings suggest that urbanization and environmental stress can lead to the adoption of costly, 

resource-straining farming technologies that might enable on-farm adaptation by resource-endowed farmers 

in the short term. To increase farmers’ resilience, and in view of future security, it is however essential to 

find long-term strategies for on-farm adaptation. This paper examines peri-urban farmers’ adoption of 

sustainable agricultural practices and contributes to the literature that investigates the implications of urban 

transformations for agricultural management systems. Broadly, sustainable agricultural practices can be 

defined as farming practices which aim at minimizing the use of external inputs (e.g. chemical pesticides 

and fertilizers) and optimizing the use of natural resources to reduce negative externalities from agriculture, 

while at the same time increasing agricultural productivity (Lee, 2005; J. Pretty et al., 2011).  

Many studies have examined the adoption of sustainable agricultural practices in rural contexts (Arslan et 

al., 2014; Aryal et al., 2018; Asfaw et al., 2016; Issahaku & Abdul-Rahaman, 2019; Kassie et al., 2013, 

2015; Marenya et al., 2017; Teklewold et al., 2019; Wollni et al., 2010), but evidence on the factors 

influencing farmers’ adoption behavior in urbanizing areas is scarce. Drechsel and Zimmermann (2005) 
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find in Ghana that investments in soil-nutrient management practices occur when market proximity supports 

the production of high value crops (HVC) and continuous cultivation, and when financial capital is available. 

In Kenya, Kurgat et al. (2018) find positive effects of a peri-urban location on the adoption of improved 

irrigation technologies and integrated soil fertility practices by vegetable farmers. Their study also highlights 

the important role of agricultural markets and financial capital for farmers’ adoption decision. A study by 

Patil et al. (2019) in India indicates for the case of drip irrigation that adoption is driven by water scarcity 

and the unavailability of family labor, as well as crop choices. Their study furthermore suggests that farmers’ 

adaptation to water stress is driven by their ability to invest in borewell technology. This allows farmers to 

extract groundwater to maintain their agriculture-based livelihood, but can lead to groundwater resource 

depletion because farmers face no regulatory constraints on groundwater pumping. As a consequence, the 

adoption of high-efficiency irrigation technology such as drip irrigation does not necessarily mean that 

farmers conserve water if the availability of such technology implies that farmers irrigate additional land 

(Fishman et al., 2015). 

The objective of this paper is to analyze how transformations arising from urbanization influence the 

adoption and adoption intensity of sustainable agricultural practices by peri-urban farmers in 

environmentally stressed regions. We focus on sustainable agricultural practices which aim at reducing 

pressure on natural resources and contributing to the preservation of ecosystem functions. We define these 

as water and erosion management (WEM), integrated pest management (IPM), and soil fertility 

management (SFM), as well as an integrated package consisting of practices from all three categories. We 

aim to answer the following main research question: What factors related to urban transformation influence 

peri-urban farmers’ decision to adopt sustainable agricultural practices for water management, pest 

management, and soil fertility management and their adoption intensity? Specifically, what role do 

household location, agricultural output markets, off-farm labor markets and access to information play for 

farmer’s decision-making? For our analysis, we use 534 plot-level observations from 351 households 

located in the rural-urban interface of Bangalore, India. We employ a poisson double hurdle model to 

analyze the adoption and adoption intensity of WEM, IPM, SFM and the integrated package. This allows 
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us to model farmers’ adoption decision and the decision of adoption intensity as separate processes which 

can be affected by the same variables in different ways. 

The rest of this paper is structured as follows: First, we provide some context and outline the conceptual 

framework for our study (section 2). We then describe the sampling and data collection, outline the 

econometric estimation strategy, and explain the measurement of our variables of interest (section 3). In 

section 4, we present and discuss the results. Finally, we end with concluding remarks (section 5). 

2. Background  

2.1 Study context 

Bangalore is the capital of the state of Karnataka, which is located on India’s Southern peninsula (figure 1). 

Bangalore’s location makes it disproportionately vulnerable to the effects of climate change, as Southern 

India is characterized by high levels of land degradation and water stress (Mythili & Goedecke, 2016). It 

has been affected by increasing weather variability, rising temperatures, droughts and extreme rains in recent 

years, and there is high pressure on surface and groundwater resources which in many cases are polluted 

and over-exploited (Dhayamalar et al., 2019; Environmental Management & Policy Research Institute, 

2015).  

Bangalore is a rapidly growing city with a population of 9.6 million (Directorate of Census Operations 

Karnataka, 2011b). 2  Bangalore assembles many key characteristics of urbanization and globalization. 

Bangalore is known as India’s ‘Silicon Valley’ (Narayana, 2011), and besides the ICT sector, the banking 

and finance industries, biotechnology research centers, textile and automobile industries, and various small-

scale industries offer diverse off-farm work opportunities for households living in the Bangalore region 

(Sudhira et al., 2007). Bangalore’s unplanned expansion (Ramachandra et al., 2020) has implications for 

                                                             
2 Recent unofficial projections suggest that the city’s population has reached a population of almost 12.5 million in 

2020 (https://www.census2011.co.in/census/district/242-bangalore.html; accessed 21.12.2020; 

https://populationstat.com/india/bangalore, accessed 14.12.2020). 
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ecosystems due to an increase in greenhouse gas emissions, loss of groundwater table, the contamination of 

water sources and rising temperatures (Ramachandra et al., 2020). Moreover, the intensification of 

agricultural production due to urbanization and population growth contributes to biodiversity loss and 

deteriorating soil quality (Environmental Management & Policy Research Institute, 2015; Wenzel et al., 

2020). Yet, agriculture still remains a source of income for 49% of the labor force in the districts surrounding 

the Bangalore urban region (Directorate of Census Operations Karnataka, 2011a, 2011c).3 Besides major 

food crops like ragi (finger millet) and maize,4 oilseed crops, a variety of plantation and horticultural crops, 

and non-food commercial crops (like eucalyptus trees or mulberry for silk production ) are grown in the 

area (Directorate of Census Operations Karnataka, 2011a, 2011c).  

Figure 1. Bangalore’s location on the South Indian peninsula 

   

Source: (Ramachandra & Kumar, 2010) 

                                                             
3 This estimate is for the districts Bangalore Rural and Ramanagara, which surround the city of Bangalore towards 

the North, South and West and in which our study area is located. 
4 Paddy/rice is also a major food crop produced in Karnataka state, but it is not commonly grown in our study area 

close to Bangalore. 
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2.2 Conceptual framework 

In our conceptual framework, we assume that a farmer is a utility-maximizing agent (Foster & Rosenzweig, 

2010). Accordingly, by (not) adopting certain sustainable agricultural practices, or a combination thereof, 

farm households maximize their expected utility. Given the urbanizing context, we do not merely assume 

that a farm households’ aim is to maximize expected utility from farming activities, but that household 

utility maximization can also be derived from exploiting employment opportunities in the off-farm sector 

(Steinhübel & von Cramon-Taubadel, 2020).  

Figure 2. Farmers’ decision-making in the context of urbanization and environmental stress 

 

Source: Own illustration 

The urbanization channels that can influence farmers’ decision-making, and that we zoom into for our 

analysis, are depicted in the top half of figure 2. The errors with solid lines show the channels and the 

expected directions of influence that we discuss in the following sub-sections. The shaded bottom area and 

the dotted errors represent the broader context of environmental stress that is linked with urbanization and 

that we discussed in previous sections (section 1 and section 2.1). The dotted errors on the left and right 
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indicate that urbanization and environmental stress can reinforce each other, and that this interaction can 

ultimately, as indicated by the dotted error in the middle, also affect the use of sustainable agricultural 

practices. 

2.2.1 Household location 

Several studies on the adoption of modern agricultural technologies find that accessibility of urban centers 

(measured in terms of proximity to urban centers, road density or transportation costs) increases farmers’ 

adoption of modern inputs compared to more remote farmers (Asfaw et al., 2016; Minten et al., 2013; 

Steinhübel et al., 2020; Vandercasteelen et al., 2018). Damania et al. (2017) find that a reduction in 

transportation costs increases the probability that farmers switch from traditional to modern farming 

techniques. Similarly, Kurgat et al. (2018) find that the adoption of modern production technologies  by 

vegetable farmers is higher in peri-urban areas than in rural areas. Steinhübel and von Cramon-Taubadel 

(2020) highlight that even though an increase in the uptake of modern technologies is channeled through 

better access to urban centers, proximity to a large city also increases the opportunity cost of agricultural 

intensification due to the availability of off-farm employment.  

Proximity to urban centers provides opportunities for the diversification of production towards perishable 

produce like fruits and vegetables (Pingali, 2007). Furthermore, the availability of smaller farm land in areas 

closer to urban centers can imply an intensification of agricultural production, which is often connected with 

the high use of modern farm inputs like fertilizers, pesticides or water for irrigation (Vagneron, 2007). 

Relatively good access to several urban centers (Bangalore and surrounding secondary towns) could mean 

that farmers are less likely to adopt sustainable agricultural practices to accrue short-term benefits of 

intensive agriculture despite land and water pressures. Besides a big urban center, small and medium cities 

provide access to markets and services for farmers, which might facilitate the adoption of productivity-

enhancing intensive farming methods (Proctor & Berdegué, 2016). Results by Steinhübel and von Cramon-

Taubadel (2020) suggest that secondary towns positively affect the uptake of modern agricultural inputs by 

farmers in the study region. Since the benefits of sustainable agricultural practices often only occur in the 
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long-term, risks associated with future availability of land and water resources might decrease farmers’ 

incentives to adopt sustainable agricultural practices due to the uncertain future returns of their investments 

(Lee, 2005; Lopez et al., 1988). Additionally, land and water resources, if not regulated, have a common 

pool resource character, which could fuel competitive rather than preservative behavior and lead to a 

‘tragedy of the commons’ (Hardin, 1968). On the other hand, the competition for fertile land and water 

stemming from urban development and agricultural intensification might expose farmers to resource 

scarcity and deteriorating soil quality. In view of maintaining agricultural productivity, farmers might be 

incentivized to adopt sustainable agricultural practices to mitigate these stressors. We thus hypothesize that 

proximity to urban centers can both positively or negatively affect the uptake and use intensity of sustainable 

agricultural practices.  

2.2.2 Agricultural markets 

A household’s proximity to urban centers can also be considered a proxy for market access. However, 

farmers can be integrated into agricultural markets to different extents. Some previous studies find that 

access and integration into agricultural markets positively affect famers’ use of resource conservation 

practices (Aryal et al., 2018; Lapar & Pandey, 2001). In spite of this, sustainable agricultural practices can 

imply trade-offs between environmental and economic benefits, and the economic benefits might only occur 

to the farmer in the long-term (Rosa-Schleich et al., 2019). To meet certain production targets, farmers who 

produce for agricultural markets might rather opt for modern inputs, which benefits materialize more 

quickly. However, facing climate change and resource constraints, sustainable agricultural practices might 

allow farmers to enhance agricultural productivity while mitigating environmental stressors. More 

commercialized farmers might be incentivized to adopt sustainable agricultural practices more than less 

commercialized ones, because they receive higher returns to their initial investments. Especially the 

profitability of HVC production in urbanizing areas might provide additional incentives for sustainable 

agricultural practices adoption, as returns to inputs are usually higher for the production of HVCs than for 

staple crops (Lapar & Pandey, 2001; Lee, 2005; Midmore & Jansen, 2003). We hypothesize that a higher 
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degree of commercialization positively influences farmers’ adoption and the intensity of the use of 

sustainable agricultural practices. 

2.2.3 Off-farm labor markets 

In urbanizing areas, the availability of off-farm employment opportunities increases the opportunity cost of 

doing agriculture and of adopting new agricultural technologies (Steinhübel & von Cramon-Taubadel, 

2020). While off-farm income might increase a household’s likelihood of adopting sustainable agricultural 

practices because it provides additional income which can be re-invested in such practices, it might also 

divert the time and efforts of family members away from agricultural activities. This could then reduce a 

farm household’s investments in new and labor-intensive agricultural technologies (Kassie et al., 2015; Lee, 

2005).  

The influence of the urban off-farm labor market on sustainable agricultural practices adoption might not 

be constrained to the question of whether a household earns income from off-farm jobs or not and to what 

extent. Employment opportunities in urban off-farm labor markets are diverse, and range from very low-

skilled to highly skilled jobs, representing different levels of financial and human capital available to the 

household (Berdegué et al., 2015). Urbanization might facilitate households’ access to and higher quality 

education that can enable participation in high-skilled and high-productivity off-farm jobs that, in turn, can 

foster the adoption of new technologies (Barro, 2001). On the contrary, households with less financial and 

human capital are often pushed into low-productivity farming and low-paid wage employment needed for 

subsistence purposes with limited capacity for investments (Reardon et al., 2001). Measuring financial and 

human capital only focusing on decision maker attributes like the age or education of the main decision 

maker does not account for the type and contribution that off-farm jobs pursued by other household members 

might have. We thus test the hypothesis that more highly skilled and higher-productivity non-farm 

employment positively influences sustainable agricultural practices adoption. A higher degree of human 

capital could mean that knowledge and information about sustainable agricultural practices can be gained 

and applied in practice more easily. It might thus be that households with members working in off-farm jobs 
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that require a higher skill-level are more likely to adopt sustainable agricultural practices, whose 

implementation requires certain financial resources, knowledge or comprehension. However, it might also 

be that high-skilled off-farm jobs increase household’s opportunity cost of time and of investing in 

agricultural activities, thus constraining the adoption and use intensity of new technologies.  

2.2.4 Access to information 

Information is crucial for farmers’ technology choices, as it shapes awareness, attitudes and knowledge 

towards certain problems and thereby influences farm management decisions (Lee, 2005). The successful 

adaptation of agriculture to urbanization and ‘westernization’ processes, as well as climate change, is also 

contingent upon farmers receipt of institutional support (Pingali, 2007). Pingali (2007, p. 294), in the context 

of commercialization, highlights the role that research and extension systems play in “retooling” farmers 

with new technologies and knowledge to enable them to adapt to changing market conditions. Moreover, 

the author points to the potential of communication and information systems like mobile phones and the 

internet, which are relatively accessible and cost-effective and, because they reduce search costs, can support 

the generation of information and other services for farmers (Pingali, 2007). Especially mobile phones 

provide a convenient tool for public and private exchange provision due to their widespread usage by even 

poor farmers in developing countries (Aker, 2011). Modern technologies like smartphones might be even 

more widely used by farmers in urbanizing areas. Better skills, resources and networks might enhance peri-

urban farmers’ digital literacy (FAO, 2019) and enable easier information access and exchange through 

direct communication channels and the internet.  

In different rural contexts, several studies find that extension services are an important driver of sustainable 

agricultural practices adoption (Arslan et al., 2014; Aryal et al., 2018; Kassie et al., 2015). However, Asfaw 

et al. (2016) point out that better access to extension services increases farmers’ adoption of modern inputs, 

while farmers living further away from the nearest extension officer have higher incentives to adopt 

practices requiring little external inputs and skills. Kassie et al. (2013) find that the adoption decision is 

influenced by how effective farmers consider the provided extension to be. Access to information through 
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extension services could therefore either increase or reduce farmers adoption of sustainable agricultural 

practices, depending on who provides the extension and what its contents are. Gupta et al. (2020) find that 

information received through mobile phones positively affects the adoption of modern farm inputs Thus, 

generally, information through mobile phones can have positive effects on the adoption of sustainable 

agricultural practices as well, but it might have negative effects if the focus is on the use of productivity-

enhancing modern farm inputs only. 

3. Materials and methods 

3.1 Sampling and data collection 

We collected survey data from 351 farm households and 534 agricultural plots in two transects in the North 

and the South of Bangalore city between February and mid-March 2020. The study region is depicted in 

figure 3. Sampling of villages 5  and households surrounding Bangalore was done using a multi-stage 

stratified random sampling approach. In the first stage, a Survey Stratification Index (SSI) was developed 

(Hoffmann et al., 2017). The SSI is calculated from the distance to Bangalore city center and the percentage 

of non-built-up area around the village and is a proxy for the degree of urbanization. Based on the SSI, the 

area within the two transects was then classified into six urban, peri-urban or rural strata. Within the strata, 

villages were randomly sampled proportional to the size of the stratum. This resulted in a random sample 

of 30 villages in the Northern transect and 31 villages in the Southern transect of Bangalore. Finally, a 

random household sample of farm and non-farm households was drawn proportionate to the size of the 

village based on household lists obtained from mother and child care centers (Anganwadis) of the villages.6  

                                                             
5 When we refer to villages, we include the sampled peri-urban units which exhibit more urbanised characteristics as 

traditional rural villages commonly do. 
6 The sampling of the villages/urban wards and the households was done in 2016/2017 as part of the first phase of the 

DFG research unit FOR2432/1 “Social ecological systems in the Indian rural-urban interface: Functions, Scales, and 

Dynamics of Transition”. On average, 20 households per village were randomly selected and a random sample of 

1275 farm and non-farm households in 61 villages was drawn. Due to the outbreak of the COVID-19 pandemic, data 
collection for the second project phase had to be suspended on March 10, 2020. Therefore, only 593 households 

could be re-interviewed from 25 villages in the Northern transect and 28 villages in the Southern transect. 
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Figure 3. Study region in the Northern and Southern transects of Bangalore 

 

Source: Own survey data. 

Since our analysis focuses only on farming households, our sample is restricted to 45 of the 53 villages (25 

villages in the Northern transect and 20 villages in the Southern transect). 423 of the households interviewed 

in 2020 are engaged in crop or livestock activities. Restricting the sample to farmers who grow crops and 

after data cleaning, the remaining sample for our analysis comprises 351 farm households and 534 plot 

observations.7 A standardized questionnaire was used to collect household and plot-level data on the use of 

sustainable agricultural practices, cropping decisions, farm and plot characteristics, marketing decisions, 

information and sociodemographic household characteristics.  

                                                             
7 The suspension of the data collection due to the COVID-pandemic implies that we were not able to cover all 

households of the representative sample. However, we were able to interview households from 51 of 61 villages, 
were the 10 missing villages primarily include households from urban neighbourhoods in which almost no farmers 

live.  
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3.2 Econometric framework 

We employ a double hurdle model (Cragg, 1971) to examine the determinants of sustainable agricultural 

practices adoption and use intensity. In the double hurdle model, the adoption decision (binary adoption: 

first hurdle) and the decision for adoption intensity (actual number of sustainable agricultural practices 

adopted: second hurdle) are modelled as a two-step process. The double hurdle model is an extension of the 

standard Tobit model. One key assumption of the Tobit model is that the decision to adopt a technology is 

not different from the decision on its level of use (Wooldridge, 2010). This assumption might not hold in 

the case of sustainable agricultural practices adoption, as farmers might first face certain constraints that 

determine adoption which however do not affect the decision of use intensity once a farmer has adopted a 

practice (Shiferaw et al., 2008). Furthermore, a farmer’s decision not to adopt sustainable agricultural 

practices might represent a utility maximization choice. The double hurdle model treats zeros as “true” 

zeros, or corner solutions, rather than missing or unobserved values (Ricker-Gilbert et al., 2011).8  Tobit 

models also do not allow for the independent variables to influence the adoption and use intensity decision 

in different ways, i.e. with different signs (Wooldridge, 2010), while the double hurdle model assumes that 

the two adoption decisions are independent from each other. Finally, Wooldridge (2010) points out that 

Tobit models are not appropriate when the outcome variable is not continuous, e.g. a count variable. Since 

we measure the intensity adoption as a count of sustainable agricultural practices adopted on a plot, the 

double hurdle approach is more suitable for our outcome variables. 

Count data are typically modelled using Poisson models, which improve OLS estimates by accounting for 

the high number of zeros and the small values with a discrete nature (Greene, 2003). Employing a simple 

Poisson regression would, however, not allows us to differentiate between the adoption and use intensity 

decisions (Shonkwiler & Shaw, 1996). The underlying approach of the poisson hurdle model is that, in a 

first step, the adoption decision (whether the count variable has a zero or a positive value) is modelled using 

a binomial probability model. If adoption is positive, i.e. the “hurdle” of adoption is crossed, a count data 

                                                             
8 In the latter case, a Heckman selection model would be a more appropriate model choice. 
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model with values truncated at zero governs the conditional distribution of the positive values (Mullahy, 

1986).  

We first apply a probit model to model the binary adoption decision for WEM, IPM, SFM and the integrated 

package (Pr(Y>0|X)). We apply a poisson regression to model the unconditional E(Y|X) expected values 

for the adoption intensity (for the full sample of adopters, potential adopters, and non-adopters), and a zero-

truncated poisson regression to model the conditional (E(Y|X, Y > 0) expected values for use intensity for 

WEM, IPM and SFM (only for adopters) (Cameron & Trivedi, 2013; Hardin & Hilbe, 2015). For the 

integrated package, we truncate at a minimum of three adopted practices, as adoption is defined as using at 

least one practice from WEM, IPM and SFM each (see section 3.3.1). The two stages of the model are 

specified as 

(i) Decision to adopt sustainable agricultural practices 

𝑦𝑖𝑝
∗ = 𝛼0 + 𝛼1𝑈𝑖𝑝 + 𝛼2𝑋𝑖𝑝 + 𝜀𝑖𝑝 

           (1) 

yip= { 
1 ifyip

*  > 0 

  0 otherwise
  

(2) 

(ii) Decision on adoption intensity (number of sustainable agricultural practices)  

𝑐𝑖𝑝 = 𝛽0 +  𝛽1𝐴𝑖𝑝 + 𝛽2𝑍𝑖𝑝 + 𝜇𝑖𝑝 

(3) 

In equation (1), 𝑦𝑖𝑝
∗ is a latent variable representing the utility of farmer i of adopting WEM, IPM, SFM or 

the integrated package on plot p. Farmers adopt if their utility from adoption exceeds the utility of not 

adopting (equation (2)). Equation (3) denotes farmer i’s decision on the adoption intensity on plot p. In 



15 

 

equations (1) and (3), Uip and Aip are vectors containing the independent variables of interest relating to 

household location, agricultural output markets, off-farm labor, and access to information. Vectors Xip and 

Zip contain household and plot-related control variables. ꜫip and µip denote the error terms. Summary 

statistics and mean comparisons between adopters and non-adopters of the different categories for all 

independent variables are provided in table 1. After the estimation, we calculate the average marginal effects 

of the model that allow us to interpret the results as the effect of a unit change in the independent variables 

on the probability of adoption (probit model) and on the number of sustainable agricultural practices adopted 

(poisson model), respectively, controlling for the other independent variables (Cameron & Trivedi, 2009). 

Table 1 about here 

3.3 Measurement of adoption and adoption intensity 

Under India’s National Action Plan on Climate Change, the National Mission For Sustainable Agriculture  

promotes the use of sustainable agricultural practices as a way to increase farmers’ resilience to climate 

change (Ministry of Agriculture, 2010). The National Mission for Sustainable Agriculture defines four 

pathways relating to the use of sustainable farming technologies. Based on the components outlined therein, 

we define the three categories WEM, IPM and SFM, which contain various sustainable agricultural practices 

that serve to mitigate environmental stress and preserve ecosystem functions.  

We define WEM as practices which aim to improve water use efficiency and drainage, and reduce water 

erosion. WEM practices considered in this study are rainwater harvesting, drainage ditches, live barriers, 

planting along contour lines and planting trees/hedges. Further, we look at the adoption of IPM practices. 

Besides climate warming, plant pests and diseases can cause significant crop losses in agriculture (Deutsch 

et al., 2018; Savary et al., 2019), occurrence of which is exacerbated by agricultural intensification, as it 

increases crop vulnerability to pests (Oerke, 2006). However, the adoption of IPM in developing countries 

like India is low (Parsa et al., 2014). In our study, we analyze farmers’ adoption of IPM methods which 
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complement or replace the use of synthetic pesticides, namely biopesticides, pheromone traps9 and hand 

picking/hoeing of insects and weeds. In SFM we include practices which aim at preserving soil health and 

increasing nutrient use efficiency. In this category, we include mulching/cover crops, organic manure and 

vermi-compost, crop rotation and intercropping. We consider a farmer to be an adopter of WEM, IPM and 

SFM if he uses at least one practice from the respective category. Due to the great variety of crops grown 

by farmers in our study area10, certain sustainable agricultural practices might be used for some crops but 

not for others, which is why we chose this broad definition of adoption. Furthermore, Pretty et al. (1996, p. 

6) point out that “[o]ne of the central aims of sustainable agriculture is that the approach should be flexible, 

and not prescribe a concretely defined set of technologies, practices or policies”.  

Previous studies suggest that there are important synergies between different sustainable agricultural 

practices, and that their complementary use can have positive effects not only for resource conservation but 

also for farmers’ welfare (Wainaina et al., 2016, 2018). Empirical evidence shows that the adoption of 

combinations of sustainable agricultural practices can enhance crop income and economize input use as 

compared to the use of single practices (Kassie et al., 2015; Teklewold et al., 2013). Therefore, we also 

examine farmers’ intensity of WEM, IPM and SFM adoption, which we define as the number of practices 

that the farmer has adopted within each category on a given plot.11 Besides synergies between sustainable 

agricultural practices within the same category, farmers might exploit synergies between practices across 

the three categories. To account for this, we examine farmers’ adoption of an integrated package consisting 

of sustainable agricultural practices from all three categories, WEM, IPM and SFM. For the purpose of our 

study, we consider a farmer to be an adopter of the integrated package if he has adopted at least one practice 

                                                             
9 Pheromone traps are insect traps which use pheromones to lure insects, for example into plastic jars or bottles 

which are placed on the field (Pretty & Pervez Bharucha, 2015). 
10 Farmers in our sample cultivate a total of 62 different crops. 
11 More accurately, adoption intensity would be defined as the proportion of cultivated land on which a farmer uses a 

practice (Arslan et al., 2014). However, we only have data on sustainable agricultural practices adoption available on 

the plot-level. Since farmers might apply a certain practice to only one of several crops grown on a plot, we cannot 

determine the exact proportion of land on which farmers use single practice and have to rely on the count of practices 
used per plot as a proxy for adoption intensity, controlling for the size of the plot and the number of crops grown on 

the plot.  
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from WEM, IPM and SFM on a plot. For the integrated package, adoption intensity is defined as the sum 

of practices farmers have adopted, having adopted a minimum of three sustainable agricultural practices on 

the plot (at least one WEM, IPM and SFM practice). 

To measure adoption and to ensure that farmers knew and understood the different sustainable agricultural 

practices, we asked them for each practice separately whether they have heard of the respective practice as 

a method to conserve soil or water in agriculture. Only if the farmer indicated that he has heard of this 

practice as a resource conservation method, we asked whether he has used it on his plots in the previous 

year (2019). 

4. Results and discussion 

4.1 Descriptive statistics 

Table 2 summarizes the adoption and adoption intensity of the different sustainable agricultural practices.  

On 15% of the plots, farmers use the integrated package. Once farmers adopted the integrated package, they 

use on average 5.7 different practices per plot, and hence almost two practices per category per plot. On 

29% of the plots, farmers adopted WEM practices. The mean number of WEM practices adopted is 1.7 

practices per plot once a farmer is a WEM adopter. IPM practices are used on slightly fewer plots than 

WEM practices, namely 27% of plots, and IPM adopters use on average 1.2 IPM practices per plot. SFM is 

adopted on 77% of all plots, and adopters use on average 1.7 SFM practices per plot. Histograms in 

Appendix 2 show the distribution of the number of adopted sustainable agricultural practices for each 

category. Appendix 3 furthermore shows that the majority of practices are positively correlated with each 

other, both within and between the three categories, which suggests that they might yield important 

synergies for farmers. 

Table 2 about here 
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4.2 Determinants of adoption and adoption intensity of WEM, IPM, SFM and the integrated package 

Household location  

The results from the double hurdle model are presented in Tables 3 and 4. Household location has varying 

effects on adoption and use intensity of sustainable agricultural practices, depending on the category. Each 

additional kilometer that a household is located further away from the city center of Bangalore increases the 

probability of adoption of the integrated package by 0.6 percentage points and the adoption of IPM by 0.8 

percentage points. However, each additional kilometer that a household is located further away from 

Bangalore decreases the likelihood that farmers adopt SFM by 0.5 percentage points. Conditional on 

adoption, a greater distance from Bangalore significantly increases the number of WEM practices farmers 

adopt, with the number of WEM practices increasing by 0.03 with each additional kilometer that the 

household is located further away from Bangalore city center. Conditional on adoption, each additional 

kilometer that a household is located further away from a secondary town decreases the number of IPM 

practices adopted by 0.06.  

Our findings indicate that the adoption of the integrated package as well as IPM and WEM adoption are 

more likely when farmers are located further away from Bangalore. At the same time, the intensity of 

adoption of IPM is reduced with greater distance from secondary towns. A possible explanation for this 

finding is that farmers who are located closer to Bangalore are incentivized to adopt intensification 

technologies like irrigation or synthetic pesticides, possibly as a response to resource pressures and/or to 

exploit market opportunities. This explanation is in line with findings by Steinhübel et al. (2020) who find 

that proximity to Bangalore increases farmers’ adoption rate of borewell technology, which is used to extract 

groundwater for irrigation. Our findings are also in line with other studies that find that proximity to urban 

centers facilitates adoption of modern intensification technologies, potentially at the cost of resource 

conservation practices (Asfaw et al., 2016; Damania et al., 2017; Minten et al., 2013; Vandercasteelen et 

al., 2018). Despite this, distance from Bangalore and secondary towns is overall negatively associated with 

SFM adoption, as is also suggested by the unconditional effects shown in Table 4. One explanation might 
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be that farmers closer to urban centers are more affected by soil depletion, possibly due to more intensive 

agriculture, than farmers in rural areas where soils might be less depleted. 

Agricultural markets 

As hypothesized, we find that a higher degree of commercialization significantly increases farmers’ 

probability of adoption on that plot for WEM, IPM and the integrated package. This indicates that returns 

from marketing of crops incentivizes farmers to invest in sustainable agricultural practices. However, 

commercialization is positively and significantly associated with the intensity of adoption only for IPM 

practices and has no effect on the adoption intensity of the other categories. Possibly, climate and resource 

pressures incentivize the use of WEM and IPM practices as well as an integrated combination of practices 

by commercialized farmers in view of maintaining productivity levels throughout the year, potentially for 

multiple cropping cycles (Drechsel & Dongus, 2010). We find no effects on the adoption or use intensity of 

SFM, but the high adoption rate (77% of plots) indicates that SFM practices are already used on the majority 

of plots.  

Tables 3 and 4 about here 

Off-farm labor markets 

The results reveal that a higher share of household members with off-farm income increases the probability 

of WEM, IPM and the integrated package adoption, but it decreases the number of practices adopted in each 

category once farmers are adopters (although not statistically significant for WEM). This indicates that off-

farm income helps farmers to cross the hurdle of adoption, e.g. by providing necessary financial capital, but 

that it negatively affects the intensity of use, e.g. because less family labor is available to support the 

implementation of such practices. Tabe-Ojong (2021), studying commercialization, similarly find that 

conditional on being integrated in agricultural output markets off-farm income has a negative effect on the 

degree of market integration by farmers in Ethiopia. In the context of Bangalore, it is common for household 

members with an off-farm job to support farming activities outside of working hours or on the weekends, 
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which implies that these household members are not available for on-farm work most of the time. For SFM 

we see a different pattern, as a higher share of family members with off-farm income already reduces the 

probability of adoption. A possible explanation is that SFM practices are quite labor intensive and that a 

lack of available family labor might prevent the adoption of SFM practices in the first place. 

Tables 5 and 6 show the results for alternative models in which we replaced the variable on the share of 

household members with off-farm income by the type of off-farm jobs that household members pursue. We 

use this as an alternative indicator for different levels of financial and human capital available within the 

household. In the tables, we only show the results for the variables of interest on the types of off-farm jobs, 

as the inclusion of these variables does not substantially change the results for the other variables in the 

model (full model results are shown in Appendices 4 and 5). The results for semi- or high-skilled jobs 

support our previous finding that off-farm income increases the probability of the adoption of sustainable 

agricultural practices. Households with at least one member with a high-skilled off-farm job are 7 percentage 

points more likely to adopt the integrated package and 8 percentage points more likely to adopt IPM than 

households with no high-skilled off-farm jobs. However, off-farm jobs in the high-skilled sector negatively 

influence the adoption intensity of IPM by 0.3 practices. This is in line with previous literature that 

highlights that the successful implementation of IPM is complex and requires farmers’ capacity to develop 

skills and knowledge (Pretty & Pervez Bharucha, 2015), which might explain why households that are 

endowed with more human capital are more likely to adopt IPM. Besides, IPM practices require financial 

resources to buy external inputs like biopesticides or to hire labor to implement hand picking/hoeing, which 

might be more realizable for households with higher off-farm income. Nevertheless, the intensity of IPM 

adoption is constrained by off-farm employment due to the time intensive management requirements 

(McNamara et al., 1991).  

Engagement by at least one household member in a semi-skilled off-farm job increases the probability of 

adopting WEM by 11 percentage points. Contrary, the results suggest that off-farm employment in the 

elementary sector is, overall, negatively associated with the adoption and use intensity of sustainable 
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agricultural practices. The effect is significant in the unconditional models (including all farmers) for the 

integrated package and SFM, and in the conditional models (including only adopters) for the integrated 

package, WEM and SFM. According to the latter, employment in the elementary sector is associated with 

households adopting 0.5 WEM, 0.4 SFM, and 1.5 integrated practices less than households without 

employment in that sector. It thus appears like off-farm employment in the elementary sector does not 

generate enough capital and time constraints hinder the adoption and more intensive use of sustainable 

agricultural practices. All in all, the results thus tend to support our hypothesis that higher skilled off-farm 

jobs positively influence the adoption of sustainable agricultural practices.  

Tables 5 and 6 about here 

Access to information 

The results in tables 3 and 4 indicate that knowledge about climate change is generally positively associated 

with adoption, although the effect is not statistically significant across all model specifications. For the 

integrated package and IPM, knowledge about climate change is also positively associated with use 

intensity. Conditional on adoption, farmers who have heard about climate change on average use one 

practice more in the integrated package and 0.7 IPM practices more than farmers who have not heard about 

climate change. As hypothesized, extension services play a mixed role. Farmers who have received 

extension by a government extension service are 8-14 percentage points less likely to adopt WEM or IPM 

practices or an integrated package than farmers who have not received any extension. Similarly, extension 

provided by NGOs reduces the probability of the integrated package and IPM adoption by 13 and 26 

percentage points, respectively. For farmers who have crossed the adoption hurdle, extension by an NGO 

increases the intensity of the integrated use by 3 practices compared to farmers who have not received 

extension by an NGO. However, it decreases the number of WEM, IPM and SFM practices used by 0.7, 0.3 

and 0.7. Despite this, extension provided by private companies or universities significantly increases the 

probability that farmers adopt WEM and SFM practices, with farmers having received extension through 
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these channels being 21 and 10 percentage points more likely to adopt WEM and SFM than farmers who 

have not received any extension service.  

A possible explanation for our finding that farmers who receive extension by the government or by an NGO 

are less likely to adopt WEM and IPM practices and the integrated package is that these bodies rather convey 

information and/or train farmers on agricultural intensification technologies in line with policies and 

governmental programs in the spirit of the Green Revolution (Ratna Reddy et al., 2020). Ratna Reddy et al. 

(2020) point out that, although policies and programs to promote sustainable agriculture exist in India (e.g. 

the National Mission for Sustainable Agriculture), produce price policies still favor water-intensive crops 

and subsidy policies promote the use of chemical farm inputs. For example, fertilizers are heavily subsidized 

by the Indian Government (Standing Committee on Chemicals and Fertilizers, 2020) and farmers are 

incentivized to adopt irrigation due to subsidized flat rate electricity prices (Srinivasan et al., 2017), both 

also reducing the input costs of intensive agriculture. This might also explain our finding for the variable on 

farmers’ using smartphones to receive or exchange information about agriculture, which seems to affect the 

adoption and use intensity of sustainable agricultural practices largely negatively. Farmers who use 

smartphones for agriculture are 15 percentage points less likely to adopt IPM practices and 17 percentage 

points less likely to adopt SFM practices.  

5. Conclusion 

Confronted with urbanization and climate change, peri-urban farmers in developing countries face the 

decision whether to adapt to resource pressures and changing environmental conditions, or whether to 

allocate their labor resources to off-farm employment. This has implications for a sustainable transformation 

of agriculture and the use of farming practices that aim at reducing negative environmental externalities of 

farming. Conceptually, there are various channels through which urbanization can influence farmers’ 

decision making regarding the use of sustainable agricultural practices. We examined these effects on peri-

urban farmers’ adoption and adoption intensity of water and erosion management, pest management and 

soil fertility management, as well as an integrated package comprising practices from all three categories. 
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We thereby focused on the role of household location, commercialization, off-farm labor markets and access 

to information, and used data from 534 agricultural plots of 351 farm households located in the rural-urban 

interface of the rapidly growing city of Bangalore, India. For our analysis, we employed a poisson double 

hurdle model. 

Our results suggest that a location further away from Bangalore increases farmers’ probability to adopt the 

integrated package, WEM and IPM practices, while it decreases the likelihood of SFM adoption. 

Furthermore, market incentives and the availability of financial capital are important drivers of adoption.  It 

seems like farmers’ uptake of adaptation strategies to the effects of urbanization and environmental stress 

are thus, at least partly, determined by profitable returns from agriculture and by their ability to invest in 

sustainable agricultural practices. Strengthening opportunities for engagement in the off-farm sector could 

reduce the pressure of agriculture on peri-urban lands (Pretty et al., 2011), while at the same time facilitate 

the uptake of more sustainable farming technologies through financial capital generation. However, we also 

find that household members’ engagement in off-farm employment reduces adoption intensity on the farm, 

which indicates that urban off-farm labor markets divert family labor away from farming activities with 

implications for resource conservation. A disaggregated analysis of off-farm labor according to skill-level 

suggests that employment in more highly skilled sectors positively affects the adoption of sustainable 

agricultural practices, while off-farm jobs in the elementary sector appear to prevent adoption.  

Our results further show an ambiguous role of access to information for the adoption of sustainable 

agricultural practices. Extension provided by governments and NGOs as well as farmers’ use of information 

and communication technologies seems to hinder adoption rather than facilitate it. The results suggest that 

policies and programs currently in place to support farmers might promote short-term productivity-

enhancing farming practices, which eventually might affect farmers’ long-term perspectives for an 

agricultural-based livelihood. Despite this, we also find that extension services provided by private 

companies and universities as well as relevant knowledge, i.e. farmers’ awareness about climate change, 

facilitate the adoption of sustainable agricultural practices. 
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Our findings have implications for policy making. It appears that policies and programs in place in India 

that promote the use of sustainable agricultural practices in farming, like the National Mission for 

Sustainable Agriculture, could be promoted more in practice by institutional actors. Furthermore, supporting 

farmers in peri-urban areas to commercialize can also facilitate the uptake of sustainable agricultural 

practices, although a balance has to be struck between agricultural intensification and resource conservation. 

Lacking regulation of the use of synthetic farm inputs or groundwater for irrigation might provide incentives 

for farmers to exploit natural resources, which could exacerbate environmental degradation. Especially for 

farmers who conduct intensive and highly commercialized agriculture, policies should promote the 

integrated use of modern farm inputs and sustainable agricultural practices. Finally, policies should provide 

support to resource constrained farmers to generate financial and human capital, as such constraints might 

hinder the adoption of sustainable agricultural practices and thereby farmers’ ability for adaptation.  
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Tables 

Table 1. Summary statistics and mean comparisons for adopters and non-adopters of the integrated package, WEM, IPM and SFM 

 All Integrated package WEM IPM SFM 

  adopt not diff adopt not diff adopt not diff adopt not diff 

Decision maker characteristics              

Gender (1=female) 0.231 0.224 0.268  0.230 0.233  0.210 0.278  0.220 0.234  
 (0.422) (0.417) (0.447)  (0.422) (0.425)  (0.408) (0.450)  (0.416) (0.424)  

Age (years) 49.87 49.82 50.14  49.42 50.96  49.81 50.01  50.32 49.74  

 (13.13) (13.02) (13.83)  (13.03) (13.37)  (13.23) (12.96)  (12.96) (13.20)  

Education (years) 5.994 5.983 6.054  6.202 5.495  6.053 5.861  5.732 6.074  
 (5.046) (5.058) (5.029)  (5.163) (4.740)  (5.060) (5.035)  (4.823) (5.118)  

Household characteristics              

Non-marginal caste (1=yes) 0.792 0.780 0.857  0.770 0.845  0.782 0.815  0.768 0.799  
 (0.406) (0.415) (0.353)  (0.422) (0.364)  (0.414) (0.390)  (0.425) (0.401)  

No. of adults (HH members >= 15 

years) 

3.875 3.878 3.857  3.879 3.864  3.901 3.815  3.768 3.907  

 (1.854) (1.633) (2.760)  (1.633) (2.310)  (1.656) (2.243)  (1.308) (1.991)  

Durable assets owned (count) 12.08 11.73 13.96 ** 11.18 14.26 *** 11.66 13.03 ** 11.21 12.35  

 (6.023) (6.048) (5.576)  (5.449) (6.768)  (6.138) (5.671)  (5.870) (6.055)  

Dairy (1=yes) 0.704 0.692 0.768  0.669 0.786 ** 0.687 0.741  0.476 0.773 *** 
 (0.457) (0.463) (0.426)  (0.471) (0.412)  (0.465) (0.440)  (0.502) (0.420)  

Access to information              

Heard about climate change (main 
decision maker) (1=yes) 

0.536 0.498 0.732 *** 0.480 0.670 *** 0.465 0.694 *** 0.500 0.546  

 (0.499) (0.501) (0.447)  (0.501) (0.473)  (0.500) (0.463)  (0.503) (0.499)  

Extension by government (1=yes) 0.117 0.129 0.0536  0.141 0.0583 ** 0.136 0.0741 * 0.134 0.112  

 (0.322) (0.336) (0.227)  (0.349) (0.235)  (0.343) (0.263)  (0.343) (0.315)  
Extension by NGO (1=yes) 0.0769 0.0881 0.0179 * 0.0605 0.117 * 0.103 0.0185 *** 0.0366 0.0892  

 (0.267) (0.284) (0.134)  (0.239) (0.322)  (0.304) (0.135)  (0.189) (0.286)  

Extension by private company or 
university (1=yes) 

0.0285 0.0203 0.0714 ** 0.00806 0.0777 *** 0.0206 0.0463  0.0244 0.0297  

 (0.167) (0.141) (0.260)  (0.0896) (0.269)  (0.142) (0.211)  (0.155) (0.170)  

Smartphone use farming (main 
decision maker) (1=yes) 

0.336 0.363 0.196 ** 0.387 0.214 *** 0.403 0.185 *** 0.476 0.294 *** 

 (0.473) (0.482) (0.401)  (0.488) (0.412)  (0.492) (0.390)  (0.502) (0.456)  

Off-farm labor              

Off-farm income (share of adult HH 
members) 

0.365 0.354 0.423  0.350 0.402  0.355 0.388  0.379 0.361  

 (0.355) (0.352) (0.368)  (0.356) (0.350)  (0.354) (0.357)  (0.390) (0.344)  
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HH member with elementary 
occupation (1=yes) 

0.256 0.268 0.196  0.274 0.214  0.259 0.250  0.268 0.253  

 (0.437) (0.444) (0.401)  (0.447) (0.412)  (0.439) (0.435)  (0.446) (0.435)  

HH member with semi-skilled 

occupation (1=yes) 

0.194 0.176 0.286 * 0.161 0.272 ** 0.181 0.222  0.159 0.204  

 (0.396) (0.382) (0.456)  (0.369) (0.447)  (0.386) (0.418)  (0.367) (0.404)  

HH member with high-skilled 

occupation (1=yes) 

0.157 0.149 0.196  0.149 0.175  0.152 0.167  0.146 0.160  

 (0.364) (0.357) (0.401)  (0.357) (0.382)  (0.360) (0.374)  (0.356) (0.367)  

Location              

Distance to Bangalore city center (km) 29.89 29.31 32.98 *** 29.37 31.16 * 28.91 32.11 *** 30.76 29.63  
 (8.080) (8.031) (7.692)  (8.247) (7.550)  (8.005) (7.842)  (8.118) (8.065)  

Distance to nearest secondary town 

(km) 

10.58 10.55 10.73  10.55 10.67  10.55 10.65  10.76 10.53  

 (3.434) (3.476) (3.226)  (3.482) (3.329)  (3.506) (3.279)  (3.505) (3.416)  
Northern transect (1=yes) 0.550 0.569 0.446 * 0.625 0.369 *** 0.572 0.500  0.463 0.576 * 

 (0.498) (0.496) (0.502)  (0.485) (0.485)  (0.496) (0.502)  (0.502) (0.495)  

N 351 295 56  248 103  243 108  82 269  

Plot characteristics              
Plot size (acres) 1.360 1.219 2.148 *** 1.165 1.849 *** 1.149 1.931 *** 1.462 1.330  

 (2.045) (1.632) (3.472)  (1.458) (3.010)  (1.438) (3.083)  (2.516) (1.882)  

Time to plot (minutes) 14.69 14.95 13.24  15.43 12.84 * 14.94 14.02  16.42 14.17  
 (11.84) (12.26) (9.090)  (12.53) (9.723)  (12.41) (10.16)  (14.47) (10.90)  

Plot with slope (1=yes) 0.564 0.508 0.877 *** 0.476 0.783 *** 0.485 0.778 *** 0.565 0.563  

 (0.496) (0.500) (0.331)  (0.500) (0.414)  (0.500) (0.417)  (0.498) (0.497)  
Number of different crops grown on 

plot 

1.976 1.799 2.963 *** 1.798 2.421 *** 1.736 2.625 *** 1.355 2.163 *** 

 (1.297) (1.069) (1.894)  (1.044) (1.705)  (1.031) (1.672)  (0.653) (1.383)  

Irrigation (1=yes) 0.307 0.287 0.420 * 0.259 0.428 *** 0.272 0.403 ** 0.266 0.320  
 (0.462) (0.453) (0.497)  (0.439) (0.496)  (0.445) (0.492)  (0.444) (0.467)  

Crops              

Cereals (1=yes) 0.700 0.698 0.716  0.733 0.618 ** 0.697 0.708  0.637 0.720  
 (0.459) (0.460) (0.454)  (0.443) (0.487)  (0.460) (0.456)  (0.483) (0.450)  

Pulses (1=yes) 0.343 0.336 0.383  0.359 0.303  0.331 0.375  0.153 0.400 *** 

 (0.475) (0.473) (0.489)  (0.480) (0.461)  (0.471) (0.486)  (0.362) (0.490)  

Horticulture (1=yes) 0.178 0.150 0.333 *** 0.131 0.296 *** 0.141 0.278 *** 0.121 0.195  
 (0.383) (0.358) (0.474)  (0.338) (0.458)  (0.348) (0.449)  (0.327) (0.397)  

Fruit (1=yes) 0.142 0.110 0.321 *** 0.0812 0.296 *** 0.113 0.222 ** 0.0968 0.156  

 (0.350) (0.314) (0.470)  (0.273) (0.458)  (0.317) (0.417)  (0.297) (0.363)  
Non-food commercial crops (1=yes) 0.0974 0.0993 0.0864  0.0916 0.112  0.0949 0.104  0.145 0.0829 * 
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 (0.297) (0.299) (0.283)  (0.289) (0.316)  (0.293) (0.307)  (0.354) (0.276)  
Fodder (1=yes) 0.0974 0.0927 0.123  0.0733 0.158 ** 0.0974 0.0972  0.0887 0.100  

 (0.297) (0.290) (0.331)  (0.261) (0.366)  (0.297) (0.297)  (0.285) (0.300)  

Commercialization              

Commercialization (share of crop 
production of plot sold in the market) 

0.273 0.252 0.392 ** 0.225 0.396 *** 0.243 0.357 ** 0.248 0.281  

 (0.403) (0.397) (0.416)  (0.382) (0.428)  (0.393) (0.419)  (0.403) (0.403)  

N 534 453 81  382 152  390 144  124 410  
Note: Mean coefficients reported with standard deviation in parentheses. Results of t-test between adopters and non-adopters of the integrated package WEM, IPM and SFM reported with significance 
levels * p < 0.1, ** p < 0.05, *** p < 0.01. 
Marginal castes are Scheduled Castes and Scheduled Tribes. Non-marginal caste refers to all other castes (Patil et al., 2019). HH stands for household. To distinguish between different types of off-
farm jobs of household members according to the skill-levels that these jobs require, we classified the primary and secondary off-farm occupations of all household members according to the National 
Classification of Occupations of the Indian Government (Government of India, 2015). Based on this, we created three groups of off-farm jobs: Elementary occupations, semi-skilled jobs and high-
skilled jobs (see Appendix 1 for the classification). Dummy variables indicate for each household whether any of the household members pursue a job within either of the three skill-levels. 
Horticultural crops include vegetables, herbs and spices, and flowers. A list of all crops included in the categories is on file with the authors. 
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Table 2. Summary statistics of outcome variables 

 Mean Std. Dev. Min Max N 

Integrated sustainable agricultural practices package  

Integrated package adoption 

 

0.152 

 

0.359 

 

0 

 

1 

 

534 

Integrated package intensity 5.704 1.867 3 10 81 
Water and erosion management (WEM)      

WEM adoption 0.285 0.452 0 1 534 

WEM intensity 1.717 0.849 1 4 152 

Live barriers 0.124 0.329 0 1 534 
Planting along contour lines 0.088 0.284 0 1 534 

Drainage ditches 0.088 0.284 0 1 534 

Rainwater harvesting 0.028 0.165 0 1 534 
Planting trees/hedges 0.161 0.368 0 1 534 

Integrated pest management (IPM)      

IPM adoption 0.270 0.444 0 1 534 
IPM intensity 1.201 0.452 1 3 144 

Biopesticides 0.081 0.272 0 1 534 

Pheromone traps 0.037 0.190 0 1 534 

Hand picking/hoeing of insects/weeds 0.206 0.405 0 1 534 
Soil fertility management (SFM)      

SFM adoption 0.768 0.423 0 1 534 

SFM intensity 1.729 0.908 1 5 410 
Mulching/leaving crop residues on the field/cover crops 0.140 0.348 0 1 534 

Organic manure 0.654 0.476 0 1 534 

Vermi-compost 0.034 0.181 0 1 534 
Intercropping 0.361 0.481 0 1 534 

Crop rotation 0.139 0.346 0 1 534 



29 

 

Table 3. Determinants of adoption and adoption intensity of the integrated package and WEM 

  Integrated package WEM 

  Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional 

expected values 
(E(Y|X, Y>2) 

Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional 

expected values 
(E(Y|X, Y>0) 

Location        

Distance to Bangalore city 

center (km) 

 0.029* 0.006*** -0.021 0.003 0.001 0.030* 

  (0.017) (0.002) (0.037) (0.007) (0.003) (0.017) 

Distance to closest secondary 

town (km) 

 0.005 0.001 -0.040 0.002 -0.004 0.048 

  (0.034) (0.005) (0.105) (0.017) (0.008) (0.034) 

Markets        

Commercialization (share)  0.611* 0.089** -0.436 0.243** 0.139** 0.009 

  (0.329) (0.038) (1.399) (0.112) (0.055) (0.333) 
Off-farm income        

Off-farm income (share)  0.509** 0.107*** -1.550** 0.259** 0.123** -0.289 

  (0.256) (0.036) (0.783) (0.117) (0.048) (0.306) 
Access to information        

Heard about climate change 

(main decision maker) 
(1=yes) 

 0.388** 0.043 1.022* 0.166* 0.013 0.374 

  (0.197) (0.026) (0.596) (0.095) (0.052) (0.332) 

Extension       

        
Government (1=yes)  -0.534* -0.083* 1.172 -0.249** -0.117* -0.254 

  (0.290) (0.045) (1.056) (0.122) (0.061) (0.583) 

NGO (1=yes)  -0.828*** -0.133*** 5.032 -0.043 0.045 -0.682*** 
  (0.226) (0.036) (3.129) (0.141) (0.075) (0.256) 

Other (Private company & 

university) (1=yes) 

 0.292 0.016 -0.216 0.280 0.211** 0.290 

  (0.311) (0.040) (0.366) (0.183) (0.095) (0.303) 
Smartphone use farming 

(main decision maker) 

(1=yes) 

 -0.423 -0.065 0.363 -0.176 -0.086 -0.115 

  (0.327) (0.040) (0.681) (0.136) (0.055) (0.220) 

Covariates included  yes yes yes yes yes yes 

pseudo R2  . 0.358 . . 0.275 . 

N  534 534 81 534 534 152 
Wald-chi2  1005.7 633.6 37.72 1001.5 586.0 46.72 

Log pseudolikelihood  -649.2 -145.9 -141.6 -407.5 -231.2 -147.6 
Note; Average marginal effects reported. Standard errors clustered at the village level given in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4. Determinants of adoption and adoption intensity of IPM and SFM 

 IPM SFM 

 Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional 

expected values 
(E(Y|X, Y>0) 

Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional 

expected values 
(E(Y|X, Y>0) 

Location       

Distance to Bangalore city 

center (km) 

0.010** 0.008** 0.008 -0.011** -0.005* -0.008 

 (0.005) (0.003) (0.009) (0.005) (0.003) (0.006) 

Distance to closest secondary 

town (km) 

-0.008 -0.002 -0.056*** -0.030** -0.007 -0.037 

 (0.009) (0.006) (0.018) (0.012) (0.006) (0.024) 

Markets       

Commercialization (share) 0.211*** 0.121** 0.471** 0.376** 0.093 0.351 

 (0.076) (0.048) (0.220) (0.181) (0.060) (0.225) 
Off-farm income       

Off-farm income (share) 0.104 0.119*** -0.607*** -0.216 -0.094* -0.142 

 (0.068) (0.045) (0.181) (0.163) (0.053) (0.220) 
Access to information       

Heard about climate change 

(main decision maker) 
(1=yes) 

0.151*** 0.076* 0.652*** 0.158 0.083** 0.114 

 (0.056) (0.040) (0.177) (0.123) (0.035) (0.155) 

Extension       

       
Government (1=yes) -0.171** -0.136** 0.352 -0.042 0.073 -0.205 

 (0.073) (0.054) (0.481) (0.163) (0.053) (0.214) 

NGO (1=yes) -0.336*** -0.255*** -0.309*** -0.236* 0.035 -0.701*** 
 (0.054) (0.046) (0.035) (0.138) (0.066) (0.160) 

Other (Private company & 

university) (1=yes) 

-0.102 -0.085 0.466 0.333 0.097* 0.251 

 (0.066) (0.065) (0.537) (0.264) (0.057) (0.333) 
Smartphone use farming 

(main decision maker) 

(1=yes) 

-0.216*** -0.147*** -0.117 -0.309** -0.170*** -0.058 

 (0.084) (0.049) (0.137) (0.130) (0.040) (0.157) 

Covariates included yes yes yes yes yes yes 

pseudo R2 . 0.284 . . 0.221 . 

N 534 534 144 534 534 410 
Wald-chi2 2608.0 348.7 55.48 3608.0 512.8 80.85 

Log pseudolikelihood -308.1 -223.0 -49.86 -704.8 -225.4 -430.3 
Note: Average marginal effects reported. Standard errors clustered at the village level given in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 5. Effect of type of off-farm employment on the adoption and adoption intensity of the integrated package and WEM 

 Integrated package WEM 

 Unconditional 

expected values 

(E|Y|X) 

Adoption 

decision 

(Pr(Y>0|X) 

Conditional expected 

values (E(Y|X, Y>2) 

Unconditional 

expected values 

(E|Y|X) 

Adoption 

decision 

(Pr(Y>0|X) 

Conditional expected 

values (E(Y|X, Y>0) 

Off-farm income       

Elementary occupation 

in HH (1=yes) 

-0.364* -0.028 -1.548*** -0.078 0.006 -0.512** 

 (0.221) (0.030) (0.572) (0.090) (0.034) (0.234) 
Semi-skilled 

occupation in HH 

(1=yes) 

0.349 0.051 0.212 0.197** 0.110** -0.164 

 (0.236) (0.041) (0.515) (0.097) (0.047) (0.203) 

High-skilled occupation 

in HH (1=yes) 

0.251 0.067* -0.469 0.061 0.044 -0.136 

 (0.243) (0.040) (0.314) (0.096) (0.047) (0.175) 

Covariates included yes yes yes yes yes yes 

pseudo R2 . 0.356 . . 0.277 . 

N 534 534 81 534 534 152 
Wald-chi2 1747.3 843.6 38.97 1132.2 588.5 50.29 

Log pseudolikelihood -642.6 -146.4 -141.0 -407.4 -230.6 -145.9 
Note: Average marginal effects reported. Standard errors clustered at the village level given in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The models were estimated with the variables of 
interest and covariates included in table 1. To distinguish between different types of off-farm jobs of household members according to the skill-levels that these jobs require, we classified the primary 
and secondary off-farm occupations of all household members according to the National Classification of Occupations of the Indian Government (Government of India, 2015). Based on this, we 

created three groups of off-farm jobs: Elementary occupations, semi-skilled jobs and high-skilled jobs (see Appendix 1 for the classification). Dummy variables indicate for each household whether 
any of the household members pursue a job within either of the three skill-levels.
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Table 6. Effect of type of off-farm employment on the adoption and adoption intensity of IPM and SFM 

 IPM SFM 

 Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional expected 

values (E(Y|X, Y>0) 

Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional expected 

values (E(Y|X, Y>0) 

Off-farm income       

Elementary occupation 

in HH (1=yes) 

0.022 0.020 -0.207 -0.258*** -0.040 -0.398*** 

 (0.061) (0.045) (0.154) (0.099) (0.041) (0.136) 

Semi-skilled 

occupation in HH 
(1=yes) 

-0.012 0.017 0.008 0.024 -0.027 0.107 

 (0.058) (0.052) (0.113) (0.094) (0.049) (0.123) 

High-skilled occupation 
in HH (1=yes) 

0.053 0.083* -0.264** 0.122 0.008 0.174 

 (0.057) (0.043) (0.103) (0.118) (0.044) (0.135) 

Covariates included yes yes yes yes yes yes 

pseudo R2 . 0.279 . . 0.217 . 
N 534 534 144 534 534 410 

Wald-chi2 3626.2 694.5 53.21 2058.5 495.3 88.52 

Log pseudolikelihood -308.7 -224.4 -51.00 -703.0 -226.6 -426.4 
Note: Average marginal effects reported. Standard errors clustered at the village level given in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The models were estimated with the variables of 
interest and covariates included in table 1. To distinguish between different types of off-farm jobs of household members according to the skill-levels that these jobs require, we classified the primary 
and secondary off-farm occupations of all household members according to the National Classification of Occupations of the Indian Government (Government of India, 2015). Based on this, we 
created three groups of off-farm jobs: Elementary occupations, semi-skilled jobs and high-skilled jobs (see Appendix 1 for the classification). Dummy variables indicate for each household whether 
any of the household members pursue a job within either of the three skill-levels. 
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Appendix 

Appendix 1 

NATIONAL CLASSIFICATION OF OCCUPATIONS (NCO), GOVT. OF INDIA, 2015 

 
Primary and secondary off-farm jobs of household members in our 

sample  

Elementary occupation (9)  

Agricultural laborer Agricultural laborer 

Unskilled laborer (off-farm) Factory worker 

 
Construction worker 

 
Cleaner, Helper, Cook 

 
Security Guard 

 
Mining, Quarrying 

 
Unspecified manual labor 

 
Metro parking labor 

Semi-skilled workers   
 

Plant and Machine Operators (8) Driver 

 
Delivery 

 
Flour milling 

 
Printing press worker 

 
Crane operator 

Craft and Related Trade Workers 

(7) 

Tailor 

 
Craft worker 

 
Lumberjack 

 
Food, catering 

 
Electrician 
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Mechanic 

 
Milk tester 

 
Motor work 

 
Stp. Maintenance in Geetham College 

 
Plumber 

 
Carpenter 

Service and Sales Workers (5) Hairdresser/Beauty Palour 

 
Retail/sales person 

 
Hospitality and leisure worker 

 
Mobile service 

 
Scooter/motorbike service office 

 
Own business 

 
Photography 

 
Distributor 

High-skilled workers 
 

Manager (1) Manager, supervisor 

 
Cattle management 

Professionals (2) Accountant 

 
Engineer 

 
Teacher 

 
Health worker 

 
Surveyor 

Technicians and Associate Professionals (3) 

 
Real estate agent 

 
ICT worker 

 
Post office worker 
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Unspecified office job 

 
Lab attender in college 

 
Lab technician 

 
Broker 

Note: The NCO distinguishes between skill-levels using numbers from 1-9. 9 are elementary occupations, which we broke up into 

agricultural and non-agricultural ones. Then we assigned the other categories (2-8) to the broad semi and high skilled categories. 

Appendix 2 

Figure A1.  

Histogram for integrated package adoption intensity Figure A2. Histogram for WEM adoption intensity 

  

Figure A3. Histogram for IPM adoption intensity Figure A4. Histogram for SFM adoption intensity 
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Appendix 3 

Correlation between sustainable agricultural practices (plot-level) 
 Live 

barriers 

Planting 

along 

contour 

lines 

Drainage 

ditches 

Rainwater 

harvesting 

Planting 

trees/hedges 

Biopesticides Pheromone 

traps 

Hand 

picking/hoeing 

of 

insects/weeds 

Mulching/leaving 

crop residues on 

the field/cover 

crops 

Organic 

manure 

Vermi-

compost 

Intercropping Crop 

rotation 

Live barriers 1             

Planting along 

contour lines 

0.638*** 1            

Drainage ditches 0.339*** 0.0177 1           

Rainwater 

harvesting 

0.0722* -0.0137 0.148*** 1          

Planting 

trees/hedges 

0.272*** 0.141*** 0.274*** 0.0786* 1         

Biopesticides 0.198*** 0.122*** 0.128*** 0.0340 0.186*** 1        

Pheromone traps 0.0444 0.0410 -0.0600 -0.0328 0.0204 0.269*** 1       

Hand 

picking/hoeing of 

insects/weeds 

0.529*** 0.469*** 0.308*** -0.00379 0.191*** 0.151*** 0.0196 1      

Mulching/leaving 

crop residues on 

the field/cover 

crops 

0.268*** 0.0979** 0.257*** -0.00209 0.0853** 0.219*** 0.149*** 0.331*** 1     

Organic manure 0.169*** 0.174*** 0.0579 0.0985** 0.203*** 0.112*** 0.0595 -0.0634 -0.0238 1    

Vermi-compost 0.117*** 0.0855** 0.0164 0.0317 0.114*** 0.327*** 0.237*** 0.0564 0.194*** 0.113*** 1   

Intercropping 0.195*** 0.185*** 0.0226 -0.0589 0.00563 0.0866** 0.0531 0.308*** 0.180*** 0.187*** 0.114*** 1  

Crop rotation 0.341*** 0.333*** 0.101** 0.0284 0.166*** 0.331*** 0.257*** 0.258*** 0.174*** 0.184*** 0.279*** 0.247*** 1 
* p < 0.1, ** p < 0.05, *** p < 0.01 
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Appendix 4 

Effect of type of off-farm employment on the adoption and adoption intensity of the integrated package and WEM (full model) 

 Integrated package WEM 

 Unconditional 

expected values 

(E|Y|X) 

Adoption 

decision 

(Pr(Y>0|X) 

Conditional 

expected values 

(E(Y|X, Y>2) 

Unconditional 

expected values 

(E|Y|X) 

Adoption 

decision 

(Pr(Y>0|X) 

Conditional 

expected values 

(E(Y|X, Y>0) 

Location       

Distance to Bangalore city 

center (km) 

0.031* 0.006** -0.016 0.004 0.001 0.030* 

 (0.017) (0.002) (0.037) (0.007) (0.003) (0.018) 
Distance to closest secondary 

town (km) 

-0.007 0.000 -0.101 -0.001 -0.004 0.030 

 (0.034) (0.005) (0.098) (0.018) (0.008) (0.031) 
Markets       

Commercialization (share) 0.636* 0.096** -0.192 0.262** 0.149*** -0.152 

 (0.336) (0.039) (1.351) (0.108) (0.055) (0.365) 

Off-farm income       
Elementary occupation in 

HH(1=yes) 

-0.364* -0.028 -1.548*** -0.078 0.006 -0.512** 

 (0.221) (0.030) (0.572) (0.090) (0.034) (0.234) 
Semi-skilled occupation in 

HH (1=yes) 

0.349 0.051 0.212 0.197** 0.110** -0.164 

 (0.236) (0.041) (0.515) (0.097) (0.047) (0.203) 
High-skilled occupation in 

HH (1=yes) 

0.251 0.067* -0.469 0.061 0.044 -0.136 

 (0.243) (0.040) (0.314) (0.096) (0.047) (0.175) 

Access to information       
Heard about climate change 

(main decision maker) 

(1=yes) 

0.368* 0.045 1.017* 0.142 0.010 0.379 

 (0.195) (0.028) (0.539) (0.101) (0.052) (0.323) 

Extension       

       
Government (1=yes) -0.498* -0.078* 0.019 -0.235* -0.110* -0.388 

 (0.270) (0.042) (1.011) (0.122) (0.061) (0.451) 

NGO (1=yes) -0.814*** -0.123*** 3.293 -0.033 0.060 -0.685*** 

 (0.225) (0.041) (2.212) (0.143) (0.075) (0.249) 
Other (Private company & 

university) (1=yes) 

0.436 0.029 -0.117 0.325 0.233** 0.240 
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Smartphone use farming 

(main decision maker) 
(1=yes) 

-0.417 -0.069* 0.520 -0.183 -0.083 -0.118 

 (0.355) (0.040) (0.686) (0.138) (0.054) (0.202) 

Covariates included yes yes yes yes yes yes 

pseudo R2 . 0.356 . . 0.277 . 
N 534 534 81 534 534 152 

Wald-chi2 1747.3 843.6 38.97 1132.2 588.5 50.29 

Log pseudolikelihood -642.6 -146.4 -141.0 -407.4 -230.6 -145.9 
Note: Average marginal effects reported. Standard errors clustered at the village level given in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Appendix 5 

Effect of type of off-farm employment on the adoption and adoption intensity of IPM and SFM (full model) 

 IPM SFM 

 Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional 

expected values 
(E(Y|X, Y>0) 

Unconditional 

expected values 
(E|Y|X) 

Adoption 

decision 
(Pr(Y>0|X) 

Conditional 

expected values 
(E(Y|X, Y>0) 

Location       

Distance to Bangalore city 

center (km) 

0.010* 0.008** 0.010 -0.010** -0.005** -0.006 

 (0.005) (0.003) (0.009) (0.005) (0.002) (0.006) 

Distance to closest secondary 

town (km) 

-0.008 -0.002 -0.052*** -0.035*** -0.008 -0.046** 

 (0.009) (0.006) (0.015) (0.012) (0.006) (0.022) 

Markets       

Commercialization (share) 0.210*** 0.131*** 0.377 0.397** 0.090 0.402* 
 (0.077) (0.048) (0.244) (0.188) (0.060) (0.224) 

Off-farm income       

Elementary occupation in 

HH(1=yes) 

0.022 0.020 -0.207 -0.258*** -0.040 -0.398*** 

 (0.061) (0.045) (0.154) (0.099) (0.041) (0.136) 

Semi-skilled occupation in 

HH (1=yes) 

-0.012 0.017 0.008 0.024 -0.027 0.107 

 (0.058) (0.052) (0.113) (0.094) (0.049) (0.123) 

High-skilled occupation in 

HH (1=yes) 

0.053 0.083* -0.264** 0.122 0.008 0.174 

 (0.057) (0.043) (0.103) (0.118) (0.044) (0.135) 
Access to information       

Heard about climate change 

(main decision maker) 
(1=yes) 

0.155*** 0.083* 0.527** 0.195 0.086** 0.159 

 (0.059) (0.042) (0.223) (0.125) (0.037) (0.162) 

Extension       
       

Government (1=yes) -0.175** -0.140*** 0.293 -0.031 0.070 -0.193 

 (0.070) (0.052) (0.507) (0.160) (0.055) (0.202) 

NGO (1=yes) -0.334*** -0.253*** -0.334*** -0.250* 0.032 -0.712*** 
 (0.055) (0.047) (0.040) (0.135) (0.066) (0.144) 

Other (Private company & -0.084 -0.075 0.004 0.325 0.084 0.277 
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university) (1=yes) 

 (0.068) (0.067) (0.224) (0.297) (0.065) (0.362) 
Smartphone use farming 

(main decision maker) 

(1=yes) 

-0.220*** -0.152*** -0.075 -0.283** -0.161*** -0.014 

 (0.085) (0.047) (0.164) (0.133) (0.041) (0.163) 

Covariates included yes yes yes yes yes yes 

pseudo R2 . 0.279 . . 0.217 . 

N 534 534 144 534 534 410 
Wald-chi2 3626.2 694.5 53.21 2058.5 495.3 88.52 

Log pseudolikelihood -308.7 -224.4 -51.00 -703.0 -226.6 -426.4 
Note: Average marginal effects reported. Standard errors clustered at the village level given in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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