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Abstract
This paper examines drivers of adoption of soil and water conservation measure, and its impact on yield and technical efficiency of maize cultivation using plot level data from drought prone area of Karnataka, India. To account for selection bias from both observable and unobservable factors, an endogenous switching regression model is employed to estimate the impact of technology on yield and technical inefficiency, which is estimated data envelope analysis-meta-frontier approach. Results reveal that adoption of soil and water conservation measure i.e. bunding leads to significant increase yield of maize by 30% and reduces technical inefficiency by 28%. Further, results reveal that farmers’ access to credit, extension services, access to credit and extension services not only has positive influence on the adoption of soil and water conservation measures, but also associated with higher technical efficiency. Overall, results point to need further scaling of soil and water conservation measures for greater adoption, particularly in drought prone areas. The paper concludes that policymakers and development organizations should consider soil and water conservation as main strategy improve the crop productivity, and thereby the livelihoods, particularly of resource poor farmers. 
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Introduction
[bookmark: _Hlk40499835][bookmark: _Hlk40499905][bookmark: _Hlk39533740][bookmark: _Hlk39533622]Land degradation is a serious problem (114-145 million ha) in India (Bhattacharyya et al., 2015), posing threat to sustainability of agricultural production and farmers’ incomes (Paroda, et al., 2018). Consequently, India suffers an annual loss of 13.4mt of production of major cereal, oilseed and pulses (Sharda et al., 2010) due to erosion. Furthermore, annual economic costs of land degradation and land use change in the country is 2.54% of India’s GDP in 2014/15 (TERI, 2018). Climate variability and change is another environmental challenge to sustainability (Sathaye et al., 2006; Dhanya and Ramachandran, 2016).  India is fifth most vulnerable of 181 countries to the effects of climate change (Eckstein et al., 2019), particularly due to its high dependence on agriculture, excessive pressure on natural resources and poor coping capacity (Sikka, et al., 2018).  Among the different states, Karnataka is highly vulnerable (O’Brien et al., 2004) due to being rainfed (68%), and regularly suffers dry spells and is prone to droughts (Nagaraja et al. 2011; Goudappa et al., 2012). Consequently, the region is suffering from drylands-degradation-poverty nexus (Reddy & Reddy, 2002). Moreover, a critical analysis of rainfall shows that there is an occurrence of 3-4 severe droughts in every decade which sometimes could be even consecutive (KSNDC, 2018). Around 70% of the total geographical area is arid or semiarid where rainfall is scanty with high mean temperature leading to moisture stress as a major limiting factor in crop production requiring soil and water conservation (SWC) for sustaining crop production (GoK, 2003). Further, the inherent risk in in the region discourages private investment on costly SWC measures as the rate of return from is often very low and spread over a long period (Reddy et al., 2004). Under such scenario, realizing the importance of arresting land degradation and holistic development of the state, government launched watershed development programmes since the mid 80’s (GoK, 2003) for scaling-up SWC measures, which are of prime importance due to their various synergetic positive effects for sustaining natural resource and resilience (Kato et al., 2011). Role of SWC measures is critical particularly, in rainfed areas facing the moisture stress areas (Alemayehu et al., 2006; Kassie et al., 2008; Singha, 2019) for crop production. Additionally, these measures help in maintaining environmental and ecological services (Nyssen et al., 2015) by restoring the degraded areas (Pimentel, 1995).
However, despite the targeted efforts to promote SWC measures under various programs, the adoption is low (Pender and Kerr,1998; Kerr and Sanghi, 2002) in India, particularly due to poor incentives for local resource conservation (Bouma et al., 2007). In India most studies have focused on farmers’ adoption behavior for new/improved agricultural technology, but little attention has been paid to SWC measures. Furthermore, to our knowledge, In India, issue relating to soil and water conservation and efficiency (Kumar et al., 2015) has been thinly explored.  However, in other countries, there are limited number of studies which has examined the links between soil and water conservation and efficiency (Solís et al., 2007; Solís et al., 2009; Mugonola et al., 2013; Oduol, 2011; Jara-Rojas et al., 2012). This relationship is relevant to India, facing multiple environmental challenges, and will have policy implications for formulation of policies for conserving natural resources, improving agricultural productivity, and thereby livelihood security of farmers. Ignoring such linkage could have severe environmental implications as technical inefficiencies may lead to poor management of natural resources (Solís et al., 2009). With this, our aim in this study is twofold. First, we examine the impact of adoption of SWC measureon crop yield and technical efficiency, using the DEA meta-frontier framework (Aravindakshan, et al., 2018) while accounting for selection bias (Solís et al., 2007). Secondly, identifies the drivers of adoption and technical inefficiency. The technical inefficiency (TIE) of adopters compared to non-adopters using meta-technology ratios using bootstrapped non-parametric meta-frontier approach which corrects for sampling errors. Then, bootstrapped truncated regressions are subsequently employed on group-specific efficiency scores to identify determinants of TIE of adopters and non-adopters, separately which could help policy-makers in identifying and targeting interventions to improve farm productivity and resource conservation. Further, on the meta-frontier TIE scores, we employed endogenous switching regression to correct self-selection biases and to generate counterfactual scenarios.

Data and Methods
Data on 303 sample households managing a total of 419 maize cultivating plots were collected from drought prone area of Karnataka State in 2019. Of the total, 419 plots, 182 and 237 were the adopters (treated with bunding under watershed programme) and non-adopters (without bunding in the plots), respectively.  A combination of purposive stratified and random sampling methods was employed to arrive at the final sample. Data were collected from three district viz., Tumkur, Gagad and Koppal, which are drought prone. Maize an important crop of the Karnataka, its rank is second in India, after Maharashtra, with almost sharing 14 and 13% area (9.86 mha) and production (26.26 mt) of the country, respectively. Of the total area of state (1.35mha), around 90% in grown in the kharif (June to October, after commencement of the south-west monsoon) season. From each selected district, a treated sub-watershed was selected randomly from list of the all the sub-watersheds of each district. After that, farmers were selected randomly from each chosen sub watershed, and the data for non-adopters were collected from the untreated adjacent area to each selected sub-watershed. Further, following literature on  adoption of SWC measures (Ervin and Ervin 1982; Shiferaw and Holden 2000; Gebremedhin and Swinton 2003; Knowler & Bradshaw, 2007; Moyo et al. 2007; Amsalu and De Graaff 2007; Shiferaw et al. 2009; Adimassu et al. 2012) a host of variables pertaining farmers’ personal and household specific characteristics,  economic and institutional factors, bio-physical characteristics and input of crop production were collected. 
In-situ soil and water conservation measure in the study area 
The common in-situ moisture conservation practices for the region are: broad bed and furrow, contour bunding, graded bunding, compartment bunding, ridges and furrows, tied ridging, contour cultivation, Conservation furrow, Vegetative barrier, mulching, deep tillage etc. (Vittal et al., 2004; Pathak et al., 2009; Sharma and Guled, 2012; Mishra et al., 2018; Mudalagiriyappa, 2019). Among the different measures of in-situ soil and water conservation, contour bunding is the most widely practiced soil conservation measure in semiarid tropics in India having medium to low rainfall areas (<700 mm) and on permeable soils with <6% slope (Pathak et al., 1989; Bhattacharyya et al., 2016; Narayan et al., 2019; Naveena et al., 2019; Guadie et al., 2020).  It can potentially reduce erosion through reducing the velocity of runoff, and contain soil loss (Haile et al., 2006), and improve the soil moisture, which in turn leads to higher productivity (Kerr and Sanghi, 1992; Gebrernichael et al., 2005; Haile et al., 2006; Rajkumar and Satishkumar, 2014; Kato et al., 2011; Traore et al., 2017).
Endogenous Switching Regression Model
A farmers’ plot having the bunding in the maize growing plot was termed as adopter, otherwise non-adopter. Endogenous switching regression (ESR) model, which is the most frequently used common method to analyze the impact of a given technology (Abdulai and Huffman 2014; Asfaw et al. 2012; Di Falco et al. 2011; Kassie et al. 2011; Shiferaw et al. 2014),  is used to accommodate the potential heterogeneity of SWC measures adoption on maize Yield and technical efficiency in maize production. in ESR, for correct identification of outcome suitable instrument variables (IVs). While we acknowledge that the selection of instrumental variables is empirically challenging, we used benefit perception and exposure visits as IVs, and their validity was tested following Di Falco et al. (2011).
Let the adoption of new technology be a dichotomous choice, where a farmer decides to adopt the new technology when there is a positive difference between the marginal net benefits of adopting the technology and not adopting the technology.
……..(1)

where,
is latent varaibale capture the expected benefits of use of soil and water technologies. The  represent the covariates vectors used to model the adoption and outcome, respectively, includes the socio-economic parameters and location specific characteristics, and  are the parameter vectors to be estimated, and  is scalar parameter. The error terms  and  are bivariate normal with mean 0 and variance covariance matrix  
The heterogeneity in impacts of SWC technologies can be accounted for through an ESR framework, which consists of two stages. Similar to the standard treatment-effect model, the first stage is a selection equation, based on a dichotomous choice selection function, as already shown in equation (1). In the second stage, two regime equations are specified explaining the outcome of interest, based on the estimated selection function.


where  and  are parameter vectors in regimes 1 and 2. In order to get consistent estimates, equation (3 and 5) are augmented by including the mean of plot varying covariates,  [average plot characteristics (plot soil fertility, erosion and type of soil and slope of plot)].This approach can minimize the problem of unobserved heterogeneity (Mundlak, 1978; Wooldridge, 2002). To control for the unobserved heterogeneity, including the level of inputs, can help to address plot-specific unobservable as they contain useful missing information regarding land quality. The error terms in equations (1), (3), and (4) are assumed to have a trivariate normal distribution with zero mean and variance-covariance matrix, 

where  is the variance of the error term in the selection equation (eq. 1), which can be assumed to be equal to 1 since the coefficients are estimable only up to a scalar factor (Greene, 2008),  and are the variances of the error terms in the outcome functions (3) and (4), and  and  represent the covariance between  and  and between  and , respectively. Since  and  are not observed simultaneously, the covariance between   and  are not defined (Maddala, 1983). 
The expected values of  and  conditional on the sample selection are non-zero, because of the correlation between the error terms of the selection equation (1) and output functions (3) and (4). The expected values of the truncated error terms are:
=  
=  
where   and Φ(.) are the standard normal probability density function and the standard normal cumulative density function, respectively. The ratios of  and Φ (. ) evaluated at  provide the Inverse Mills Ratios (IMR),  and  (Greene, 2008; Fuglie & Bosch, 1995). If the estimated covariance of  and  are statistically significant, then the decision to adopt the SWC technologies and the outomes are correlated, providing evidence for endogenous switching. In the ESR model, adoption of SWC technologies is treated as a regime shifter. The model accounts for observed systematic differences between farmers in the two adoption regimes. When there are unobserved factors that matter, there will be a correlation between the error terms of the regime equations (3 and 4) and the selection equation (1). Estimates of covariance terms can therefore provide a test for endogeneity. This test is achieved by testing for significance of the correlation coefficients between  and  (indicated as  ) and between  , and  (indicated as ) (Lokshin & Sajaia, 2004).  
Conditional expectations, treatment and heterogeneity effects
ESR model can be used to compare the expected benefit of SWC measures adopters to non-adopters, and to investigate the expected benefits in the counterfactual hypothetical cases that adopter households had not adopted, and that non-adopter households had adopted SWC measures. The conditional expectations in the four cases are defined as follows:




Cases (5a) and (5b) represent the actual expectations observed in the sample for adopters and non-adopters and cases (5c) and (5d) the expected counterfactual outcomes. Following Greene (2008) and Fuglie and Bosch (1995), the effect of the treatment or adoption on adopters (average treatment-effect on the treated, ATT) can be calculated as the difference between (5a) and (5c)

This equation returns the effect of SWC measure’s adoption on outcome for those households that actually adopted, while controlling for all other possible causes of outcome (income) differences. The procedure implies that the unobserved factors have different effects depending on which regime applies. By holding  constant and taking the differences in effects), we eliminate the effects of unobserved factors, and the estimated income difference would be purely due to SWC technologies adoption. The ATT is due to the differences in the coefficients in equations (3) and (4). If self-selection is based on comparative advantage if self-selection is based on comparative advantage > 0, adoption would produce bigger benefits under self-selection than under random assignment (Maddala, 1983).  If that is the case, simple comparison of mean income of farmers in the two adoption profiles (a) and (b) would lead to an upward bias of the treatment-effect, which is controlled for in equation (5).
Similarly, we calculate the average treatment-effect on the untreated (ATU) for the households that actually did not adopt SWC technologies as the difference between (5d) and (5b),

We can use the expected outcome described in equations (5a) -(5d) to calculate the heterogeneity effects. Following Di Falco et al (2011), the difference between (5a) and (5d) can be indicated as the ‘base heterogeneity’ (BH) effect for adopters and the difference between (5c) and (5d) for non-adopters.


Similarly, ERS model was also used to the impact of SWC measure on the Technical efficiency, using the Meta-frontier bias-corrected Technical inefficiency scores to overcome the problem of selectivity bias. For this, Perceived benefits of reducing the soil loss (PBsoilloss), Perceived benefits of improving the soil moisture (PBmoisture) and Number of exposure visits (Exposure visits) were used as IVs. 
DEA-Meta-frontier and group specific efficiency 
Assume that farmers () use a vector of m discretionary inputs  to produce wheat  by adopting any of the  technologies.  differs with the group we consider while comparing technical efficiencies, here, in our case , with and without adoption.  
Crop production can be characterized by an input requirement set: .
Production technology can be defined as:


The Farrell (1957) input-oriented measure of technical efficiency of  is given by:


TE is calculated for the farmer j in the tillage technology group  using piecewise linear programming approach under the following specifications:

St


with the assumption of either constant return to scale (CRS)  and or variable return to scale (VRS) =1, . Similarly, an input-oriented DEA for meta-frontier efficiency estimation (can be defined. 
The DEA procedure ignores noise that can arise from sampling or other types of errors, for example one-off events that can impact farmers’ input use decisions and lead to biased estimates (Simar 1992).  To overcome, this, a bootstrapping technique suggested by Simar and Wilson (2007, 2011) can be used to correct biased TE scores (, thereby accounting for the non-zero probability mass at one in any given sample. The bias is computed by estimating the
pseudo-efficiency estimates  by using simulated data set drawn from the original data set, repeated for T times (t = 1, 2, …., T).
The estimated bias () 

Now, the bias-corrected TE (BCTE) scores will be 

Meta-frontier efficiency and the meta-technology ratio
The group/technology-specific efficiency model () does not allow the direct comparison of TE between individual groups. Because these,   are relative to each group’s own frontier (González-Flores et al. 2014). For such comparison, meta-frontier model is therefore advantageous where several technologies are compared (Aravindakshan et al.,2018). The gap between and  is represented by the meta-technology ratio (MTR), which is defined as the ratio of output of the group-specific production frontier relative to the potential output described by the meta-frontier (Battese et al. 2004). MTR can measure the technology gaps between group frontier and meta-frontier (Wang et al., 2017).

This equation captures productivity differences between different technologies. It is indicative of the efficiency improvement potential of farmers in a specific technology group, that would be possible if they switched to a better technology used by other groups of farmers (Aravindakshan et al.,2018). Higher the MTR is, the closer group production technology is to the potential optimal level, and vice versa. This implies that a significant improvement in TE can be realized by switching to technologies having a higher MTR.
Factors affecting group-frontier efficiency of farmer
Following Aravindakshan et al., (2018), we used the Bootstrapped truncated regression that can yield unbiased parameter estimates for the determinants of group level efficiency scores, which is specified as:

where is the bias-corrected estimate of group-specific efficiency scores with right-truncation at .  is a constant term and  is a vector of farmer/farm specific variables?
Results
The average yield of the sample plots is 1985 kg per ha, when disaggregated into adopters and nonadopters, the same is 2400 and 1600 kg per ha, respectively (Table 1), however, the difference was statistically significant (p <0.001).  In case of the household level characteristics viz., size of landholding, number of livestock units, dependency ratio (land-to-labour ratio) and access to credit, adopters are significantly different than the non-adopters.  Further, among the plot level features, the adopters are systematically different than the non-adopters for tenure, slope of plot, soil erosion perception and fertility level of plots. Similarly, there is difference in perception of farmers relating to risk (the chance of the crop failure due to drought in the study area), and also in terms of the potential benefits of the SWC measures on the its effects on improving the fertility, conserving the soil moisture, and reducing soil loss and runoff.  Significant difference also observed for adopters as compared with non-adopters for the indicators used for capturing the social capital/network. However, there is no much difference in inputs of production used by the adopters and non-adopters expect variety.   
Impact of SWC measures on Yield
The validity of instrument variables
A valid selection instrument significantly affects the adoption decision of the SWC measures rather than directly affecting the outcome i.e. maize yield. Di Falco et al. (2011) suggested falsification test if the selected instruments effects the adoption decision, but it not affect outcome of the nonadopters. It can be seen that ‘benefit perception index’ and ‘exposure visits’ are significantly positive impact on the adoption decision of SWC measures (Table S2). On the other hand, in the non-adopter outcome model, both these variables are insignificant implying that have no significant effect on yield.  Therefore, it can be stated that the selected instruments are valid.  	
Determinants of adoption of SWC measure
	Number of livestock, access to credit and off-farm have positive and significant effects on the adoption behavior of SWC measure. In particular, the adoption probability increases significantly by 33.6 per cent if the farm had the access to credit. In case of the off-farm income the probability of the adoption is almost double than that of the non-adopters. Among the plot level characteristics level of erosion and fertility were had a significantly positive impact on the adoption. However, plot having red type of soils had a significantly negative effects on the adoption.  Training was found to have a significantly positive effects on the adoption of SWC measures, more precisely farmers having training in SWC measures increases the probability of adoption by 31.1 per cent. Having interaction with the other farmers regarding the SWC measures has also a positive but insignificant impact on the adoption. However, farmers who rated such interactions as very useful were also observed to have a significantly positive influence on the adoption decisions of the farmers. Further, the instrument variables (IVs), namely benefits perception index and number of exposure visits are having a significantly positive bearing the chance of adoption.         
Determinants of yield
	Estimates of endogenous switching regression model are presented in Table 2. Estimates of [image: ][image: ] and [image: ][image: ] indicate the presence of a selection effect, indicated by the significance of the coefficients (Lokshin and Sajaia, 2004). This implies that null hypothesis indicating the absence of sample selectivity bias is rejected (Abdulai and Huffman, 2014). Further, it can be stated that unobserved factors influence the decision to adopt and the outcome, suggesting the appropriateness of endogenous switching regression model. Correlation coefficients  and  are having alternate signs, which is negative for adopters and positive for non-adopters, indicating positive section bias. This implies that farms undertaking SWC measure based on their comparative advantage (Alene and Manyong, 2007). Hence, those who adapt have above-average crop yield from adoption of SWC measures and those who do not adapt have above-average crop yield from nonadaptation. Moreover, ρ > 0 indicates negative selection bias, suggesting that farm with below-average outcome are more likely to take SWC measures; on the contrary, ρ < 0 implies positive selection bias, indicating that farm with below-average outcomes have a higher likelihood to adapt (Abdulai and Huffman 2014). 
	For adopters, among the plot level features, tenure security and fertility level had a significantly positive impact of the crop yields. Further, slope of plot also had a significantly negative association with on the yields. Further, risk perception of the farmers also had a significantly positive influence on the crop yields. Among the input factors, improved variety was found to have the higher yields.  For nonadopters, household characteristics namely, dependency ratio, number of livestock and access to credit had a significantly positive relations with the crop yields. Further, the slope and erosion level of plots, as expected, had significantly negative effects on the crop performance.  however, there was a positive association between the fertility of the plot and crop yield.  A positive impact of social network was found on yield.   Among input factors, use of the bullock labour was found be an important variable determining yield levels.  
Effects of adoption of SWC on yield 
Expected outcome and average treatments effects, which show the impact of engineering measures on crop yield (Table 3). Expected crop yield per hectare in the actual case are presented in cells (P) and (Q); the expected crop yield in counterfactual case are given in cells (R) and (S). Value of ATT (4.90) suggests that the adoption of SWC measures significantly increases yield, which is around 30.43%, when compared with the counterfactual case of that if farms had not adopted. further, result for ATU reveals that adoption of SWC measures also significantly increases crop yield by almost 44.52 percent. we found that that transitional heterogeneity effect is negative, that is, farm that did not adopt would have benefited the most in terms of gain in yield from adoption.
Impact of SWC measure on Technical Efficiency 
Bias-corrected Technical efficiency scores of meta-frontiers and Group-specific under VRS
The Kolmogorov-Smirnov test strongly rejected (D=0.73031, p-value < 0.000) the CRS model, and hence further discussion of efficiency analyses is based only on the VRS model. Density distribition meta-frontier-bias-corrected technical efficiency (MF-BCTE) dipected in figure S1 and figure S2, respecyively. It can be seen that around 70% of the farms are lying in the range of 0.50 to 0.90, and  relatively a higher numbers of the adopter farms are in the higher ranges of efficiencies as compared to the non-adopters.  Similarly, mean Group-specific Bias-corrected TE (GS-BCTE) scores is 0.71 for adopters (Table 4), which is higher than the their meta-frontier TE scores (0.67). This is due to fact that in Meta-frontier covers all group frontiers, the technical efficiency scores estimated by using the meta-frontier are lower than those estimated by using the group frontier. Overall, the MTR is 0.94 and 0.82 for adopter and non-adopters, respectively, which is aroud 15 percent higher for the adopers as compared with non-adopters. A higher average MTR for adopters in comparision to non-adopters indicates that the former requires a lower level of inputs relative to latter to achieve same level of output, ceteris paribus. This implies there is a potentail to increse in output by switching from the non-aopters to adopters. 
Determinanats of Group-specific Technical inefficiency  and Meta-frontier Technical inefficiency  
Coefficient in the inefficiency model (for adopters and non-adopter equation, Table S3) are interpreted as change in inefficiency with respect to change in the explanatory variable. Therefore, whenever there is a negative coefficient, it indicates that a variable has a negative (positive) influence on technical inefficiency (efficiency). Among the farm level characteristics, age, education and dependency ratio did not have significant effects on the Technical inefficiency (TIE). Number of livestock and access to credit had a negative influence on TIE in case of the Adopter farms. On the hand, for non-adopters farms, age, access to credit and farm assets had significantly negative effects on TIE. For plot level features, tenure, level of fertility had significantly negative whereas soil erosion had positive effects on TIE, and almost same is the case for non-adopters.  Training and visits to extension departments (KVK and RSKs) had a significantly negative effects on TIE of maize production.  
	Results of ERS of meta-frontier Bias-corrected technical inefficiency scores shows that coefficient of the dependency ratio had significantly positive effects on TIE for adopters (Table 5).  In other words, it also can be interpreted as if proportional increase in farm size is higher than that of family size, then TIE also increases. Farm assets index had negative effect on TIE implying that famers having the greater number of farm machines and implements are more efficient. Relationship between the off-farm income and TIE is negative suggesting a positive association between the off-farm income and TIE. In case of plot level characteristics, expectedly, soil erosion effects adversely farm efficiency as evident from the coefficient of erosion which is positive and statistically significant.  Further, negative coefficient of the fertility indicating that fertility had positive association with efficiency. Further, institutional factors such as extension and training services and social networks also had a negative relationship with TIE. Results of falsification test of ESR for meta-frontier Bias-corrected technical inefficiency are given in table S4.
Effects of adoption of SWC measures on Technical inefficiency  
Value of ATT (-0.60) suggests that the adoption of SWC measures significantly reduces TIE in maize production, more specifically the extent of reduction is 27.78% over the non-adoption case that is if farms had not adopted (Table 6). further, the result for ATU reveals that the adoption of SWC measures also significantly reduces the TIF for nonadopters which is 35.91%. The similar results were also reported in other studies (Solís et al.,2007; Mahadevan, 2008; Jara-Rojas et al., 2012). 
Discussion 
Impact of SWC on Yield
Access to credit and off-farm income had positive and significant effects on adoption of SWC measure. In particular, probability of adoption increases significantly by 33.6 per cent if the farm had access to credit.  Pattanayak et al., (2003) and Yirga (2007) also reported the similar findings, as easy access to credit helps overcoming the problem of cash constraints needed for SWC measures. We found that off-farm income has positive effects on adoption, this mirrors the findings of the other studies (Ervin and Ervin, 1982; Lapar and Pandey, 1999). Contrary to this finding an inverse relationship between the off-farm income and adoption was also reported (Pender and Kerr, 1998; Hopkins et al., 1999; Mbaga-Semgalawe and Fomer, 2000; Gebremedhin and Swinton, 2003; Tenge et al., 2004; Ma et al., 2004; Amsalua and Graaff 2007;Pender and Gebremedhin, 2008). For that, it was argued that working in off-farm activities leads to labor shortages, hindering repair and maintenance of SWC structures, which in turn effect their continuous adoption. In addition to this, sizable income from off-farm activities reduces the dependence on agriculture as the main-stay of livelihood, therefore, such households become less concerned about improving land quality. Further, Farmers with access to extension services had more likely to adopt conservation measures, similar results were reported in previous studies (Shiferaw and Holden 1998; Mbaga-Semgalawe and Folmer 2000; Bekele and Drake, 2003; Adegbola and Gardebroek, 2007; Mango et al., 2017). Extension services also make farmers more conscious of their vital soil resources so as to use them judiciously for sustaining them for future generations (Mugonola et al., 2013). Extension services helps farmers to develop a better understanding related to potential consequences of soil erosion, make them aware about the availability of technologies for containing soil erosion problems, and hence augment technical capacity of the farmers (Teklewold and Köhlin, 201; Mugonola et al., 2013; Mango et al., 2017). Further, we observed that famers who were trained in conservation measures, had positive effects on adoption, results are in conformity with earlier studies (Bekele and Drake, 2003; Sidibe, 2005, Dessie et al., 2012). Among the plot level characteristics, high level of soil erosion and level of fertility had effects on adoption. Our findings mirror the results of other studies of developing countries, the likelihood of adoption is high if farmers perceive soil erosion as a major problem at their farms, and recognize its adverse effects on crop productivity (Shiferaw and Holden, 1998; Baidu-Forson, 1999; Cramb et al., 1999; Willy and Holm-Müller 2013). We also observed that social network, an important determinant of adoption of agricultural innovations (Nyangena 2008), had positive influence on adoption. Our result ties well with previous studies (Krishna, 2001; Grootaert et al. 2004; Nyangena, 2008). For this, it was argued that a strong social network encourages the cooperative behavior of farmers, reduce transaction costs, and helps in sharing the helpful information and resources. Importance of co-operative behavior can be realized from the fact that participatory watershed management is more effective in natural resource management (Kerr et al. 2002), for ensuring the effective participation a strong social capital requires (Bouma et al., 2008).
Further, ESR impact results reveal that average treatment effect (ATT) is 4.90 q per ha, suggesting that adoption of SWC measures significantly increases crop yield.  Finding is in consistent with other studies (Shiferaw and Holden 1998; Shiferaw and Holden 1999; Teshome et al. 2013; Adgo et al. 2013; Asfaw et al., 2014; Okeyo et al., 2014; Uwizeyimana et al., 2018), reported a positive impact of bunds on the crop yields. 
Impact of Soil and water conservation on Technical inefficiency (TIE)
Results of determinant of TIE using bootstrapped truncated regression show that access to credit had a negative influence on TIE for both adopter and non-adopter farms. Results are in line with previous studies (Essilfie et al., 2011; Chiona et al., 2014; Addai and Owusu, 2014; Dang, 2017; Coker et al., 2018). This is due to fact that access to credit helps farmers to overcome the financial constraints and enable them not only purchase the quality inputs but facilitate timely application. In case of the plot level features, tenure, level of fertility had the significantly negative however, level of soil erosion had positive effects on the TIE, and almost same is the case of the non-adopters.  We observed that farms those had won plots are more efficient than the plots were taken on rent, the similar results were found by Koirala et al. (2016), they reported that lease-holder farms had lower technical efficiency.  We found that access and use of extension service also helps in reducing  inefficiency, similar results were also reported others (Akanbi et al., 2011; Abdulai et al., 2018; Coker et al., 2018; Nguyen-Anh, 2020), and they noted that access to extension services helps famers to get information about improved seed and technologies. Further, we observed that training also had a negative effect on TIE, indicating the usefulness of training in enhancing production performance, as also reported by Dang, (2017).  In case of ERS, we found that dependency ratio had a positive effect, implying that a relatively higher proportional increase in farm size than family size, then TIE also increases. This finding is in accordance with findings of Lokina & Lwiza (2019) and Selejio et al (2018), they found that the increase of farm size reduces efficiency due to diseconomies of scale at large farms. They argued that the increased farm size diminishes the timeliness of input use leading to decline in technical efficiency (Msuya et al., 2008; Aye and Mungatana, 2010). Farm assets index was associated with lesser TIE, implying that famers having the owning various types of farm assets are more efficient as they are able to carry out various cultural operations in time facilitating them to realize comparatively higher output. For instance, use of tractors in land preparation reduces production inefficiency through timely land preparation (Abdulai et al., 2018)
  Relationship between off-farm income and TIE is negative implying that an increase in this variable significantly reduces inefficiency. This might be due to spillover effects of income from off-farm activities on farm productions and efficiency (Abebe,2014; Tefaye and Beshir 2014). However, our result is in contradiction to the findings of some other studies (Abdulai & Huﬀman, 2000; Nkegbe, 2018).  Expectedly, soil erosion had an adverse effect on efficiency, indicating soil erosion beyond permissible limits lead to decline in fertility, and thereby lowering productivity and efficiency (Nkegbe, 2018). Further, institutional factors such as extension and training services (Tefaye and Beshir, 2014) and social networks were observed to be improving the efficiency. This finding is in line with Poli (2016) who had observed a positive association with farm efficiency and social capital. 
Conclusions and policy implications 
[bookmark: _Hlk40764091]This paper investigates the impact of adoption of soil and water conservation measures on yield and technical efficiency in maize cultivation, and also to identify the drivers of adoption and technical inefficiency. The analysis is based on a sample survey of 419 plots data collected from the Karnataka, which is one of the most drought prone states of India. Therefore, policymakers and development organizations should consider soil and water conservation as a main strategy improve crop productivity and efficiency. For enhancing the adoption rate of soil and water conservation measure, and improve their efficiency in cop production,   the efforts should be made to need to strengthen the institutional provisions such as access to credit for improving the financial capacity of resource poor farmers;  extension services to change their perception about the detrimental effects on soil erosion, and also favourable and desirable change in their perception about the potential benefits of the soil and water conservation measures particularly the exposing them to the successful watersheds wherein they can see the impact in real field situation, and can interact with  beneficiaries-as a part of farmers to farmer extension.  
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	Table 1: Socioeconomic and physical characteristics of the sample households of Maize plots 

	Variables 
	Full sample 
(N=419)
	Adopter 
(N=182)
	Non-Adopters
(N=237)

	Dependent
	
	
	

	Yield (kg per ha)
	1985(755)
	24000*** (600)
	1600 (680)

	Household level characteristics 
	
	
	

	Head (male=1; otherwise 0)
	336(80.2)
	148(81.3)
	188 (79.3)

	Age (Years)
	51.81(13.47)
	51.8 (13.2)
	51.9 (13.7)

	Education (Number of schooling years)
	4.59(4.31)
	4.7 (4.50)
	4.5 (4.20)

	Family Size (Number of Members)
	5.0(2.67)
	5.0 (2.80)
	5.0 (2.50)

	Size of land Holding (ha)
	1.91(1.50)
	1.7** (1.4)
	2.1 (1.60)

	Livestock (Number of Animals)
	4.21(2.06)
	4.9*** (2.20)
	3.5 (1.70)

	Off-farm Income (if Yes=1; otherwise 0)
	288 (68.7)
	156 (85.7)  
	132 (55.7)  

	Dependency ratio (area per capita)
	0.48(0.47)
	0.4** (0.4)
	0.5 (0.5)

	Farm Asset Index#
	0.1(0.16)
	0.11 (0.16)
	0.1 (0.15)

	Access to Credit
	291 (69.5)
	137** (75.3) 
	154 (65.0)  

	Farm/plot level characteristics
	
	
	

	Size of plots
	0.89(0.65)
	0.9 (0.60)
	0.9 (0.70)

	Number of plots 
	2.18(1.27)
	2.1 (1.20)
	2.2 (1.30)

	Tenure (If own=1; otherwise 0)
	254 (60.6)
	115 (63.2)  
	139 (58.6)  

	Slope of plot (If high=1; otherwise 0)
	280 (66.8)
	135*** (74.2)  
	145 (61.2)  

	Type of soil (If Red=1; otherwise 0)
	101 (24.1)
	40 (22.0)   
	61 (25.7)  

	Type of soil (If Black=1; otherwise 0)
	205 (48.9)
	87 (47.8)  
	118 (49.8)  

	Soil erosion perception (if high=1; otherwise 0)
	190 (45.3)
	101*** (55.5)   
	89 (37.6)  

	Soil erosion perception (if medium=1; otherwise 0)
	107 (25.5)
	42 (23.1)   
	65 (27.4)  

	Fertility of plot (if high=1; otherwise 0)
	199 (47.5)
	106*** (58.2)  
	93 (39.2)  

	Fertility of plot (if medium=1; otherwise 0)
	183 (43.7)
	71 (39.0)  
	112 (47.3)  

	Perception of farmers
	
	
	

	Risk Perception (chances of crop failure)
	3.31(0.61)
	4.83*** (1.34)
	4.37 (1.25)

	Benefit Perception Index#@ (Number)
	4.59(1.31)
	3.4*** (0.6)
	3.23 (0.6)

	Extension and Training services
	
	
	

	Number of visits of KVK and RSK
	3.83(1.3)
	3.85 (1.36)
	3.82 (1.24)

	Exposure visits (Numbers)
	1.2 (0.9)
	1.6*** (0.8)   
	0.9 (0.8)   

	Training (If yes=1; otherwise 0)
	261 (62.3)
	125** (68.7)  
	136 (57.4)  

	Social Network
	
	
	

	Interaction (Frequency of interaction with other farmers measured at the scale 1-3)  
	2.20(0.73)
	2.33*** (0.62)
	2.08 (0.8)

	Usefulness (Perceived utility of interaction measured at the scale 1-3) 
	2.35(0.70)
	2.52*** (0.57)
	2.18 (0.77)

	Inputs for Production 
	
	
	

	Variety (If yes=1; otherwise 0)
	253 (60.4)
	110 (60.4)  
	143 (60.3)  

	NPK (kg per ha)
	175.39(54.85)
	172.3 (54.5)
	178.2 (55.1)

	Seed (kg per ha)
	23.49(15.01)
	23.8 (15.1)
	23.2 (14.9)

	Human labour (man days per ha)
	67.85(27.27)
	69.2 (28.3)
	66.6 (26.3)

	Bullock labour (man days per ha)
	5.04(4.68)
	5.1 (4.2)
	5.0 (5.1)

	Farm machine (Hours per ha)
	12.59(8.43)
	12.4 (8.5)
	12.8 (8.3)

	FYM (tonnes per ha)
	3.04(1.98)
	3.1 (1.9)
	3.0 (2.1)

	Regional Distribution of Plots
	
	
	

	Tumkur
	151
	61
	90

	Gadag
	132
	64
	68

	Koppal 
	136
	57
	79

	Notes: Notes: ∗, ∗∗, and ∗∗∗ indicate statistical significance at the 10, 5, and 1% levels, respectively # Index using PCA, @-the descriptive statistics of its components is given in Supplementary file (Table S1).

































	Table 2: Full information maximum likelihood estimates of endogenous switching regression model for adoption and impact of adoption on maize Yield 

	Variables 
	Selection
	Adopters
	Non-Adopters

	
	Estimate
	Std. Error
	Estimate
	Std. Error
	Estimate
	Std. Error

	Intercept
	-3.4666***
	1.017
	27.0465***
	8.500
	-1.3307
	5.322

	Household level characteristics

	Head
	0.4163**
	0.208
	0.7536
	1.528
	-0.0839
	1.187

	Age
	-0.0018
	0.006
	-0.0701
	0.044
	0.0059
	0.038

	Education
	0.0091
	0.019
	-0.3271**
	0.137
	-0.1841
	0.127

	Dependency ratio
	0.0333
	0.148
	0.8202
	1.102
	1.8283*
	0.986

	Livestock
	0.0594**
	0.030
	0.1624
	0.238
	0.6314***
	0.177

	Off-farm Income
	1.0464***
	0.185
	-0.2839
	1.919
	2.1103*
	1.083

	Farm Asset Index
	0.0590
	0.079
	0.1516
	0.566
	-0.3588
	0.461

	Access to Credit
	0.3361*
	0.175
	-1.0726
	1.499
	2.0955**
	1.018

	Farm/plot level characteristics

	Tenure
	0.0447
	0.161
	2.6685**
	1.262
	0.5524
	0.977

	slope of plot 
	0.1269
	0.175
	-4.7093***
	1.402
	-2.4106**
	1.037

	Red soil 
	-0.4433**
	0.223
	0.0566
	1.758
	-1.9886
	1.388

	Black soil 
	-0.2688
	0.202
	-1.2267
	1.521
	-0.2960
	1.201

	Soil erosion (High)
	0.7266***
	0.194
	-0.1448
	1.733
	0.1830
	1.201

	Soil erosion (Medium)
	0.2701
	0.217
	-0.4985
	1.875
	-2.0463*
	1.210

	Fertility of plot (High)
	0.6341***
	0.211
	2.4576
	1.502
	2.3771*
	1.352

	Fertility of plot (Medium)
	-0.1112
	0.206
	2.5589*
	1.427
	1.9943
	1.331

	Extension and Training services

	Visits to KVK and RSK
	0.0391*
	0.048
	0.2720
	0.339
	-0.1059
	0.312

	Training
	0.3111**
	0.147
	-1.2297
	1.275
	0.4425
	0.925

	Perception of farmers

	Risk Perception
	0.0835
	0.058
	0.9510**
	0.448
	0.3854
	0.319

	Social Network

	Interaction with other farmers 
	0.0949
	0.099
	-0.4010
	0.751
	2.1182***
	0.612

	Usefulness of interaction 
	0.4878***
	0.112
	-0.0485
	0.954
	0.3169
	0.672

	Inputs for Production

	Variety
	-0.2404
	0.164
	2.0702*
	1.241
	0.3703
	0.979

	NPK
	-0.0013
	0.002
	0.0153
	0.013
	-0.0047
	0.011

	SEED
	0.0018
	0.006
	-0.0324
	0.045
	-0.0336
	0.036

	Human labour 
	-0.0003
	0.003
	0.0237
	0.027
	-0.0017
	0.020

	Bullock labour 
	-0.0044
	0.011
	-0.0651
	0.085
	0.1082*
	0.061

	Farm machine 
	-0.0055
	0.010
	-0.0851
	0.074
	0.0450
	0.064

	FYM 
	-0.0219
	0.034
	-0.1826
	0.257
	0.2644
	0.211

	Regional Dummy (Base=Koppal)

	Tumkur
	-0.2659
	0.342
	0.8614
	2.954
	0.8547
	1.775

	Gadag
	0.0829
	0.318
	-1.5859
	2.401
	1.1009
	1.959

	Instruments (IVs)
	
	
	
	
	
	

	Benefit perception
	0.272***
	0.094
	
	
	
	

	Exposure visits
	0.621***
	0.096
	
	
	
	

	sigma1 [image: ][image: ]
	
	
	
	
	6.7356***
	0.317

	rho1 ([image: ][image: ])
	
	
	
	
	0.1289
	0.202

	sigma2 ([image: ][image: ])
	
	
	7.4325***
	0.527
	
	

	rho2 ([image: ][image: ])
	
	
	-0.4669**
	0.191
	
	

	Joint significance of plot level characteristics 
	15.0*   
	
	
	
	
	

	Wald test (
	123.7***
	
	
	
	
	

	Notes: ∗, ∗∗, and ∗∗∗ indicate statistical significance at the 10, 5, and 1% levels, respectively






	Table 3: Summary of conditional expectations and treatment effects for impact on maize yield

	Sub-sample 
	Decision
	Treatment Effects
	Change rate (%)

	
	Adopters
	Non-adopters
	
	

	Adopters
	(P): 21.01(0.34) 
	(R): 16.11 (0.32) 
	ATT=4.90***
	30.43

	Non-adopters 
	(S): 24.38 (0.28) 
	(Q): 13.52(0.27) 
	ATU=10.86***
	44.52

	Heterogeneity effects
	-3.37
	2.58
	ATH=-5.95
	

	Source: Adapted from Di Falco et al. (2011).TT = the effect of the treatment on the treated. TU = the effect of the treatment on the untreated, .BH = the effect of base heterogeneity for adopters (i = 1), and non-adopters (i = 2).TH = (TT - TU), i.e., transitional heterogeneity





	Table 4: Group-specific, Meta-frontier Bia-corrected Technical efficiency scores, Meta-technology ratio (MTR) 

	

	
	BCTE
	Mean
	SD
	Min
	Max
	Range

	Adopters
	GS-BCTE
	0.71
	0.16
	0.35
	0.99
	0.65

	
	MF-BCTE
	0.67
	0.16
	0.34
	0.64
	0.67

	
	MTR
	0.94
	1.00
	0.97
	0.65
	1.03

	Non-Adopters
	GS-BCTE
	0.72
	0.17
	0.36
	1.00
	0.63

	
	MF-BCTE
	0.59
	0.15
	0.26
	0.69
	0.59

	
	MTR
	0.82
	0.88
	0.72
	0.69
	0.94


Notes: BCTE: bias-corrected technical efficiency scores, GS-BCTE: Group specific BCTE, MF-BCTE: Meta-frontier BCTE



	Table 5: Endogenous switching regression estimates of Meta-Frontier Technical efficiency

	Variables 
	Selection model 
	Adopters 
	Non-adopters 

	
	Estimate
	Std. Error
	Estimate
	Std. Error
	Estimate
	Std. Error

	Constant 
	-5.057
	1.160
	1.212***
	0.235
	0.094
	0.183

	Household level characteristics

	Head
	0.377
	0.242
	-0.034
	0.051
	-0.012
	0.043

	Age
	-0.012
	0.007
	0.001
	0.001
	0.001
	0.001

	Education
	-0.007*
	0.019
	0.001
	0.004
	0.0002
	0.004

	Dependency ratio
	0.004
	0.106
	0.046**
	0.021
	-0.030
	0.025

	Off-farm Income
	1.530***
	0.239
	-0.103*
	0.075
	-0.031
	0.041

	Livestock
	0.143***
	0.039
	-0.029***
	0.009
	-0.002
	0.006

	Farm Asset Index
	0.161*
	0.084
	-0.038**
	0.018
	-0.048***
	0.016

	Access to Credit
	0.356*
	0.212
	-0.076*
	0.049
	0.009
	0.037

	Farm/plot level characteristics

	slope of plot 
	0.252
	0.213
	0.003
	0.048
	-0.076
	0.039

	Red soil 
	-0.651**
	0.269
	-0.014
	0.059
	-0.042**
	0.048

	Black soil 
	0.009
	0.235
	0.050
	0.049
	-0.029
	0.042

	Soil erosion (High)
	0.725***
	0.254
	0.117**
	0.057
	0.038
	0.051

	Soil erosion (Medium)
	0.145
	0.260
	0.104
	0.063
	0.089**
	0.044

	Fertility of plot (High)
	0.047
	0.265
	-0.178**
	0.054
	0.004
	0.047

	Fertility of plot (Medium)
	-0.480*
	0.287
	-0.220***
	0.058
	-0.098*
	0.052

	Tenure
	0.485**
	0.193
	-0.119**
	0.048
	-0.067*
	0.034

	Extension and Training

	Training
	0.127
	0.172
	-0.080**
	0.042
	-0.026
	0.033

	Visits to KVK and RSK
	-0.058
	0.058
	-0.001
	0.012
	-0.020*
	0.011

	Risk Perception
	0.015
	0.069
	-0.040**
	0.016
	0.006
	0.011

	Social Network
	
	
	
	
	
	

	Interaction with other farmers 
	0.320***
	0.117
	-0.067***
	0.025
	-0.034*
	0.021

	Usefulness of interaction 
	0.836***
	0.158
	-0.077**
	0.040
	0.028
	0.026

	Inputs for Production
	
	
	
	
	
	

	variety
	0.364*
	0.201
	0.049
	0.041
	-0.038
	0.034

	NPK
	-0.001
	0.002
	0.001**
	0.000
	0.003***
	0.000

	SEED
	0.006
	0.007
	0.002
	0.002
	0.003**
	0.001

	Human labour 
	-0.006
	0.004
	0.004***
	0.001
	0.007***
	0.001

	Bullock labour 
	-0.019
	0.013
	0.020***
	0.003
	0.026***
	0.002

	Farm machine 
	-0.032***
	0.012
	0.015***
	0.003
	0.027***
	0.002

	FYM 
	0.012
	0.045
	0.007
	0.009
	0.012
	0.007

	Regional Dummy(base=Koppal)
	
	
	
	
	
	

	Tukumkur
	-0.783*
	0.451
	0.169*
	0.088
	0.135*
	0.069

	Gadag
	-0.011
	0.301
	0.119*
	0.065
	0.086*
	0.050

	Instruments(IVs) 
	
	
	
	
	
	

	PBsoilloss
	0.296
	0.093
	
	
	
	

	PBmoisture
	-0.078
	0.077
	
	
	
	

	Exposure visits
	0.984
	0.142
	
	
	
	

	sigma
	
	
	0.235***
	0.012
	0.247***
	0.017

	rho
	
	
	-0.370
	0.253
	0.532**
	0.214

	Wald test (χ^2)
	125.7***

	Notes: ∗, ∗∗, and ∗∗∗ indicate statistical significance at the 10, 5, and 1% levels, respectively














	Table 6 Summary of conditional expectations, treatment effects in case of Technical Inefficiency (TIE)

	Sub-sample 
	Decision
	Treatment Effects
	Change rate (%)

	
	Adopters
	Non-adopters
	
	

	Adopters
	(A): 1.56 (0.36)
	(C): 2.16(0.43)
	ATT=-0.60* (0.02)
	-27.78

	Non-adopters 
	(D): 1.16 (0.28)
	(B): 1.81(0.27)
	ATU=-0.65* (0.02)
	-35.91

	Heterogeneity effects
	0.40 (0.04)
	0.35(0.04)
	ATH=0.05 (0.03)
	

	Notes: ∗, ∗∗, and ∗∗∗ indicate statistical significance at the 10, 5, and 1% levels, respectively
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