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An increase in farm productivity and income is crucially linked to farm mechanization. Labour shortage in rural areas and frequent extreme weather events have made a resounding pitch for the deepening of farm mechanization in India. Our study examines the effect of agricultural machinery adoption on net agricultural income, household income, and household consumption in India; the latter is considered as an indicator of food security. A nationwide household survey of 10253 households drawn from the majority of states of India has been used. To assess the impact of machinery adoption on the outcome variables, the endogenous switching regression (ESR) model is used. Of the three types of machineries investigated, such as tractors, electric pumps, and diesel pumps, the average adoption rates are found to be low in the country, i.e., 8% for tractors, 24% for electric pumps, and 14% for diesel pumps. The wide heterogeneity in terms of adoption is mostly rooted in the large geographical differences among the states of India, as machinery adoption is concentrated in the north and north-central plains of the country. The first stage of ESR, which is a probit model, reveals the determinants of mechanization as access to credit, climatic shocks, access to irrigation, and farmer cooperative membership. The average treatment effect estimates from the second stage outcome regression reveal that the adoption of machineries has increased net agricultural income by 31%, household income by 19%, and food consumption by 5%. Given these demonstrable positive effects of mechanization in agriculture, there is a need for deepening of low-cost scale appropriate farm machines suitable for small holders. Government support would play a pivotal role in this direction by making farm credits accessible to smallholders, providing timely subsidies on machinery purchase, and providing required extension services.
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1. Introduction

The sustainable development goals (SDGs) 1 and 2 of the United Nations have targeted the complete eradication of poverty and hunger by 2030. Achieving these targets requires a higher than the business-as-usual level of growth in farm production (Ruttan, 2002; Tilman et al., 2002; Godfray et al., 2010; Gregory and George, 2011). Godfray et al. (2010) estimated that farm production needs to be increased by 70–100% to achieve SDGs 1 and 2. Labor shortage has been a key obstacle for the farming communities as more and more younger folks from rural areas migrate for better-earning jobs to cities. This rural exodus has also increased labor costs, putting agricultural mechanization in the spotlight.

Furthermore, climate change’s current challenges, which led to erratic rainfall and a steady temperature rise, have negatively affected farm production by creating widely uncertain outcomes for farming communities. Farm machinery plays a big part in climate change adaptation strategies. Machinery used in farming enables farmers to cultivate multiple crops in multiple seasons in a year, saves labor time, reduces production cost through precise and timely use of inputs, and so forth, which enhances farm productivity (Sims and Kenzle, 2006; Pingali, 2007; Hatibu, 2013; Benin, 2015). As Biggs and Justice (2015) observed that the green revolution was not just about high-yielding varieties but also about small machines helping in land preparation, fertilization, and harvesting. Furthermore, certain adaptation practices, such as conservation agriculture, a basket of three specific practices, namely minimum tillage, crop residue retention, and crop rotation, require appropriate machines to implement (Jaleta et al., 2016; Jena, 2019). Especially small machines such as seeders, chisel ploughs, hand-operated weeders, and manual sprayers help adopt some climate adaptation practices. Hence, agricultural machinery adoption is a part of the broader climate adaptation strategy.

The earliest agricultural mechanization theory is well articulated in the works of Hayami and Ruttan (1971, 1985). They theorized that the rapid agricultural development in the United States of America (USA) around 1880 and thereafter was induced by continuous innovation in agricultural machinery, hence, known as induced innovation theory. This induced innovation in mechanization was spurred by a substantial reduction in the price of machinery and the relative price of land with respect to labor in the USA. Hayami and Ruttan found a similar linkage of induced innovation in agriculture to factor price ratios in Japan, Taiwan, Korea, the Philippines, France, Denmark, Germany, and the United Kingdom (UK). Thus, the theory has become the most influential narrative in agricultural development literature. However, later researchers such as Olmstead and Rhode (1993) showed that the induced innovation theory might not be the only explanation for generalizing agricultural development in the USA. According to them, there is widespread regional heterogeneity in the USA. The mechanization-induced rise in the nineteenth-century land/labor ratio applies primarily to the interior, small grain-growing states; vast areas do not conform. Technology adoption in agriculture is slower in South Asia and Sub-Saharan Africa compared to Latin America, East Asia, and the Caribbean (Gollin et al., 2005). Jack (2013) highlighted that the market inefficiencies prevailing in these countries constrain technology adoption. Examples of these market imperfections include “missing markets” for risk, credit, or land (i.e., a lack of formal insurance providers, financial institutions or the ability to buy, sell, own, or reliably hold onto one’s land). De Janvry et al. (2017) explained that the underlying production function in agriculture is only partially understood as many non-observable phenomena cloud it. A high degree of heterogeneity of conditions can yield unexpected outcomes. Furthermore, the production function is subject to random shocks, principally in weather events with incompletely known probability distribution due to limited records or climate change. As a result of this complexity, slow diffusion of technology is expected, and hence, extension services need to find effective ways of accelerating the learning process. Foster and Rosenzweig (2010) advocated the decisions to adopt technology choice, and input allocations are determined by the financial and nonfinancial returns to adoption, self-learning, social learning, technological externalities, schooling, credit constraints, and incomplete insurance.

The benefits of farm mechanization in the agriculture sector have been well articulated in Hatibu (2013) and Pingali (2007). The adoption of mechanical technologies helped enhance agricultural productivity and lowered the unit cost of crop production in Asian countries. Power-intensive mechanization operations have taken place rapidly in countries like India, Bangladesh, Nepal and the Philippines, where high population densities and low wages persist (Pingali, 2007). Several recent studies using household survey data establish that mechanization has helped lowering input costs, increase yield, and save man-days per hectare compared to traditional farms (Cunguara and Darnhofer, 2011; Kassie et al., 2011; Rahman et al., 2011; Abid et al., 2016; Adebayo et al., 2018; Adu-Baffour et al., 2019; Liu et al., 2021; Vortia et al., 2021; Yan et al., 2021). While showing that adoption of mechanization is beneficial for farmers on average, these studies also express concern about large heterogeneity existing among the smallholders that may undermine the magnitude of the impact. Wealthier farmers largely adopt it since investing in capital expenditure is a big decision which needs initial capital. The ability of small and marginal farmers to adopt machinery is constrained by inadequate access to credit facilities. Despite this heterogeneity some studies have shown significant poverty reduction impact of agricultural mechanization (Ali et al., 2016; Paudel et al., 2019a,b). Aryal et al. (2020) have found that the land laser levelling through tractors has a significant positive impact on yields (rice and wheat) and net returns in the rice-wheat production system in Haryana of India. Naresh et al. (2014) estimated that laser land levelling practices could save irrigation water by 21% and energy by 31% and increase the yield by 6.6, 5.4 and 10.9% in rice, wheat and sugarcane production, respectively in Uttar Pradesh of India.

Smallholder farmers have widely adopted farm mechanization services in China by substituting self-owned equipment for labor. Qing et al. (2019) showed that those who owned mechanization services could improve farm productivity and profitability via substituting labor but may not necessarily improve crop yield in China. The growth of the use of larger machinery and reducing the labor intensity of farm production have significantly improved the potential for economies of scale in China (Jetté-Nantel et al., 2020; Zhu et al., 2022). Qiu et al. (2022) show that agricultural mechanization services benefit medium farms more than small and large farms in China. Medium-sized farms are more likely to use agricultural mechanization services, and that adoption increases farm output. Land productivity is also associated with the adoption of the level of mechanization. Semi and Full farm mechanization has a positive impact on productivity. Full farm mechanization has higher productivity than semi-mechanization1 (Zhou and Ma, 2022). Wang et al. (2015) compared the productivity, land size and mechanization between China and India. They found out that the operational land size has a direct and proportional relationship with crop yields in China, while the former has an inverse relationship in India. However, mechanization has a positively significant impact on yield and productivity in both China and India.

Previous studies show that the rate of mechanization has grown by 10% in India between 1960 and 2011 (Tiwari et al., 2019). Over this period, use of animal power source in agriculture has declined gradually from 93% in 1960 to 12% in 2011 and replaced by tractors, power tillers, diesel engines, and electric motors in the country. Hence, there is a need for systematic evaluation of the impact of mechanization on agricultural productivity and farm incomes in India. Most of the existing studies have observed a positive contribution of mechanized farming to farm production and household income. However, there is little evidence of the impact of machinery used in agriculture on household consumption and food security. This is one of the few studies that systematically examines the nationally representative data of India to assess the impact of machinery adoption in agriculture on household income and food security. The 1996 World Food Summit in Rome stated that “food security exists when all people, at all times, have physical and economic access to sufficient, safe and nutritious food to meet their dietary needs and food preferences for an active and healthy life” (Food and Agricultural Organization [FAO], 1996). Hence, there is no single way of measuring food security. Most of the empirical studies on food security, including those by Babatunde et al. (2008), Feleke et al. (2005), Iram and Butt (2004) and Lemba (2009), concentrate on objective food security measures at the household level. These measures look at consumption (converted into calories) or expenditure data. However, we are aware that consumption has a large seasonal volatility and most studies use only a single-round survey that frequently focuses on the last month before the survey was run. Therefore, consumption data may systematically under- or over-report the true food security scenario, depending on the time of year the survey was conducted. Mallick and Rafi (2010) adopted subjective food security measures to overcome this shortcoming of the food consumption method. The IHDS data that we used in this study does not have these subjective measures of food availability and security. It has detailed information on household consumption. Hence, we have used household consumption expenditure as food security variable.

Furthermore, this study uses a dataset that has reached out to most of the states in India and collects very detailed data on net agriculture income, total household income, consumption and several other indicators. Our literature review shows that most studies have smaller sample sizes over a district or micro-region. Our study covers a national picture; moreover, this study’s calculation of net agricultural income is all the costs and revenues during the entire farming seasons of the individual households in each state have been recorded. Similarly, household income and consumption also account for each constituent of these outcome indicators.

The remaining sections of the paper are as follows. The materials and methods used in this study have been elaborated on in section 2. The results and findings are discussed in section 3. Finally, section 4 lays out the overall discussion of the findings and concluding remarks.



2. Materials and methods


2.1. Data source and distribution of the sample

This study uses the India Human Development Survey (IHDS II) data conducted in 2011–12 by the National Council of Applied Economic Research, New Delhi, and the University of Maryland. This is a nationally representative dataset consisting of multiple socio-economic indicators. The final sample size for IHDS-II is 42,152 households, of which 27,579 are rural and 14,573 are urban dwellers. These households are spread across 33 states and union territories, 384 districts, 1,420 villages, and 1,042 urban blocks. The stratified sample of towns and villages within states (or groups of states) is selected using probability proportional to population (PPP).

Table 1 shows the distribution of the sample across the country. We have extracted 10,253 households’ data out of 42,152 households based on two criteria. First, 21 states out of the 28 and seven union territories (UTs) are purposefully selected based on the size of the states and the priority of the agriculture sector in the states. Second, we have selected only the rural areas across the country. We filtered out the data and found that Karnataka has the highest (12.25%) number of rural farmers, and Arunachal Pradesh has the lowest (0.45%). Uttar Pradesh, Madhya Pradesh, West Bengal, Gujarat, Odisha, Chhattisgarh, Jharkhand, and Andhra Pradesh have a higher number of rural farmers. The sampling weights used to draw the sample size from each state and UT are published by the IHDS survey team, and we use those weights in the regression models in this paper.



TABLE 1 Distribution of samples across the states of India.
[image: Table1]



2.2. Econometric specification




In a typical impact evaluation study, if the intervention is not administered through a randomization process, there is a high likelihood of selection bias (Wooldridge, 2002). This bias results from economic agents self-selecting themselves into the development intervention based on a host of pre-existing factors, some of which are observable and others not. For example, whether the farmer household owns agricultural machinery and thus performs mechanized farming is not a random assignment; hence it is not exogenous. Instead, the farmer’s adaptation to mechanization in farming activity depends on several factors. Some of these factors may be unobserved yet and may be correlated with the outcome variable that we are intended to assess for impact evaluation. Such omitted variables can disrupt the effective estimation of the impact of the development program in question. Regression estimations typically would not pick up the self-selection by the observations leading up to endogeneity. This will create inaccurate standard errors and, in turn, inefficient slope coefficients.

To formalize the selection bias, let us assume that a farmer either adopts mechanized land preparation, irrigation, and harvesting, thus a package of mechanized farming practices (MFP) or follows the manual labor farming practice. Thus, the Adoption of MFP happens if the expected utility of the adoption [image: image] is more than non-adoption [image: image], i.e., [image: image]. Let [image: image] be the latent variable showing the expected utility from adopting MFP by the [image: image]farmer and is referred to as:

[image: image]

where [image: image] has a binary outcome taking the value 1 if a farmer adopts MFP and zero if he or she uses only manual labor; Z represents the household characteristics, landholdings, and other control variables that affect the decision to adopt or not adopt MFP, and ɛ is an error term normally and independently distributed with mean 0 and variance [image: image]. Agricultural productivity is denoted as (Y) of household [image: image] is stated as:

[image: image]

where Xi represents the household characteristics, land holdings, extension service, and other village-level variables that affect crop productivity. [image: image] captures the effect of MFP adoption on crop productivity. In the self-selection problem, the effect of [image: image] might be biased, and it may happen when relatively more informed and prosperous farmers choose to follow MFP. Then the yield or the income effect is over (under) estimated. This self-selection may occur due to observable and unobservable factors correlated with the potential outcomes. The observable factors can be explicitly included in the regression model. However, the unobservable factors are far more serious and create the endogeneity bias.

The propensity score matching (PSM) method has been used to correct self-selection bias in some studies (Becerril and Abdulai, 2010; Kassie et al., 2011; Jena et al., 2012; Jena and Grote, 2017). However, PSM does not account for the unobservable variables, such as skills in crop management, motivation, etc., that may have influenced the outcome. Several studies have used the endogenous switching regression (ESR) model to deal with the unobservable bias (Teklewold et al., 2013; Kleemann et al., 2014; Jaleta et al., 2015, 2016; Jena et al., 2017; Jena, 2019). Hence, the current study uses the ESR model for impact evaluation.


2.2.1. Endogenous switching regression

There are two regimes in the ESR model –the primary regime consists of the households that adopt farm mechanization, and the households that do not adopt mechanization come under the secondary regime. The specifics of the ESR have been discussed in Kleemann et al. (2014), Jaleta et al. (2016), Jena (2019).

The outcome in these two regimes can be expressed as follows:

[image: image]

[image: image]

where, [image: image] is the outcome variable (such as net agriculture income, total income, and total consumption) by the [image: image]th household under regimes 1 (Adoption) and 2 (non-adoption) and [image: image] represents the covariates. The ratios [image: image] and [image: image] are called the inverse Mill’s ratios (IMR) estimated from the first-stage selection regression (often a Logit or Probit model). Any self-selection bias that confounds the data is corrected by including these inverse Mill’s ratios in Equations (3a) and (3b). Further, bootstrapping standard errors have been used to correct for heteroskedasticity arising from the regressions. [image: image] and [image: image] are the variances of the error terms from the two regimes, respectively.

For each of the two regimes, the real and counterfactual scenarios for the expected conditional and average treatment effects are estimated. They are –

[image: image]
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The Equations (4a) and (4b) are the conditional expectations of the adopters and non-adopters, respectively. However, the true average treatment effect on treated (ATT) will be known by comparing the actual outcome of adopters with a counterfactual of what would have happened if they decided not to adopt mechanization. This counterfactual outcome is estimated in Equation (4c). So, the ATT is calculated as Equations (4a)–(4c). Similarly, the counterfactual for non-adopters is Equation (4d). and the average treatment effect on untreated (ATU) is calculated as Equations (4b)–(4d).

The ESR model uses exclusion restriction to identify the first stage regression from the second stage. The exclusion restriction could be an exogenous variable which is used in the first stage adoption model but is not included in the second stage outcome regression. However, in the absence of a suitable instrument to serve the purpose of identification, the nonlinearity in the model can be used as an exclusion restriction (Jaleta et al., 2016).





3. Results and discussion


3.1. Descriptive statistics

Table 2 shows the percentage of farmer households in possession of the three main categories of machinery, i.e., tractor, diesel pump and electric pump. Among the three machinery types, the tractor has an adoption rate of 8%. Tractor has been mostly used in states like Punjab, Haryana, and Western UP, with large tracts of agricultural land in the Indo-Gangetic plains (Figure 1).



TABLE 2 Descriptive statistics of dependent and independent variables.
[image: Table2]

[image: Figure 1]

FIGURE 1
 State-wise adoption intensity of tractors.


The electric pump has the highest adoption rate among the three machinery categories, with a 24% adoption rate (Figure 2). Electric pumps are widely used because there is a subsidy for using electricity for agricultural purposes, which reduces it’s per unit price. Shallow tube wells, driven by electric power, are gaining popularity in India due to less and erratic rainfall in the country. The third machinery, i.e., diesel pump, has a 14% adoption rate. We calculated the adoption of multiple machineries too. About 14% of electric pump adopters also adopted diesel pumps and 17% of electric pump adopters adopted tractors. So, the multiple adoption rate of implements is not too high.

[image: Figure 2]

FIGURE 2
 State-wise adoption intensity of electric pumps.


The distribution of mechanization is uneven across different regions of India, depending on the area’s topography. The tube wells and dip borewells are the major water-based adoption in the north, south, and central plains of India. In the hilly areas of eastern and western parts, the number of tube wells is relatively low. In central plains, people use more electric pumps than diesel pumps. Tractors are widely used in the north and central plains. North-central farmers use chaff cutters because they have a secondary source of income from cattle rearing and the maintenance of livestock. The seed drill machine is widely used in the north-central region, as cereal is a major crop in this region. The seed drill machine helps adopt minimum tillage practice, which is one of the strategies for climate change mitigation. There is low farm mechanization in southern states, followed by eastern states, compared to other parts of India.

Furthermore, we analyzed whether mechanization rate is higher in the states where agricultural labor shortage is higher too. It is observed that the states such as Bihar (58%), Andhra Pradesh (49%), Madhya Pradesh (49.33%), Tamil Nadu (50%), Chhattisgarh (49%), and Odisha (45%) have a larger percentage of agricultural laborers in their total workforce (NABARD, 2021). These states have a lower level of farm mechanization (35–45%) due to smaller and more fragmented landholdings and a higher participation rate in the agricultural labor force (Tiwari et al., 2019). The states of Punjab, Haryana, and Uttar Pradesh have a lower percentage of their workforce employed in agriculture, with an average participation rate of 20–30% (NABARD, 2021). These northern states have a higher overall farm mechanization level of 70–80%, with 80–90% mechanization for rice and wheat. This is not only due to a declining agricultural workforce but also to highly productive land and government support, which may include subsidies, technological assistance, and infrastructure development (Tiwari et al., 2019; Figure 3).

[image: Figure 3]

FIGURE 3
 State-wise adoption intensity of diesel pumps.



3.1.1. Comparing outcome variables and key covariates between adopters and non-adopters

Tables 3–5 compare the key factors such as household income, consumption, assets, household characteristics, and access to credit between the adopters and non-adopters of the three types of machinery considered in this study, such as tractors, electric pumps, and diesel pump. The mean difference test results show a statistically significant difference between the adopters and non-adopters of all three types of machines regarding land ownership, possession of livestock, and other assets. Regarding household characteristics, we use the education level of the household head. It was observed that adopters of agricultural machines have a higher education level in their families compared to non-adopters.



TABLE 3 T-test of the covariates of tractor adoption.
[image: Table3]



TABLE 4 T-test of the covariates of diesel pump adoption.
[image: Table4]



TABLE 5 T-test of the covariates of electric pump adoption.
[image: Table5]

Considering the discussion above, it may seem plausible that the adopters self-select themselves into adopting mechanized farming practices owing to their higher levels of land ownership and access to credit, the two most important inputs required for the success of mechanized farming. For this reason, we resort to ESR models for gauging the impact of farm machinery adoption on household income.

Furthermore, the distribution of the three outcome variables, namely net agricultural income, total household income, and household consumption, shows that the few considerably richer households in the adopters and non-adopters groups skew the distribution (See Figures 4–12). The income distribution in developing countries generally shows this pattern. Several outlier tests have been done to identify and weed out the outliers in all three outcome variables; however, the skewness in the distribution remains. The Kernel density function of these outcome variables indicates that, on average, the adopters have higher household income and consumption levels. This finding is confirmed by the mean comparison test results shown in Tables 3–5. An interesting point to note is that in Figures 4–12, we have compared the Kernel densities of outcome variables between adopters and non-adopters of different types of machinery both before and after the ESR estimations. The Figures show that the skewness, apparent before the ESR estimations, has reduced significantly after it. The pattern of distributions moves toward normal distribution after the ESR because the first stage selection regression has been able to capture some of the selection bias arising both from observable and unobservable covariates.

[image: Figure 4]

FIGURE 4
 Net agricultural income distribution of adopters and non-adopters of tractors, (A) before and (B) after the ESR estimations.


[image: Figure 5]

FIGURE 5
 Total household income distribution of adopters and non-adopters of tractors, (A) before and (B) after the ESR estimations.


[image: Figure 6]

FIGURE 6
 Household consumption distribution of adopters and non-adopters of tractors, (A) before and (B) after the ESR estimations.


[image: Figure 7]

FIGURE 7
 Net agricultural income distribution of adopters and non-adopters of diesel pump, (A) before and (B) after the ESR estimations.


[image: Figure 8]

FIGURE 8
 Total household income distribution of adopters and non-adopters of diesel pump, (A) before and (B) after the ESR estimations.


[image: Figure 9]

FIGURE 9
 Household consumption distribution of adopters and non-adopters of diesel pump, (A) before and (B) after the ESR estimations.


[image: Figure 10]

FIGURE 10
 Net agricultural income distribution of adopters and non-adopters of electric pump, (A) before and (B) after the ESR estimations.


[image: Figure 11]

FIGURE 11
 Total household income distribution of adopters and non-adopters of electric pump, (A) before and (B) after the ESR estimations.


[image: Figure 12]

FIGURE 12
 Household consumption distribution of adopters and non-adopters of electric pump, (A) before and (B) after the ESR estimations.





3.2. Determinants of adoption of farm mechanization

Table 6 presents the results from the first-stage probit model of the 2-stage ESR for adopting tractors, electric pumps, and diesel pumps. In all the regressions, we have used the population sampling weights to account for the ratio of the samples drawn to population size in the states (provinces). Further, the number of states and sample size used in the estimation vary from one type of machinery to another, depending on the percentage of adopters of these types of machinery. We have considered those states with at least 1% or more adopters in the sample from that state, hence, dropping the non-relevant states for the respective machinery. For example, states such as Arunachal Pradesh, Nagaland, and Sikkim are dropped for tractors.



TABLE 6 Determinants of adoption of different machinery (marginal effects).
[image: Table6]

A perusal of the results shows that access to credit positively contributes to the adoption of machinery. Both the access to bank credit and possession of Kisan credit cards are positive and statistically significant for all three types of machinery. Previous studies have also confirmed that access to key institutional support such as credit facilities has increased the adoption of agricultural technology (Ali et al., 2016; Mottaleb et al., 2016; Wossen et al., 2017; Chandio et al., 2019; Paudel et al., 2019a,b; Akram et al., 2020; Saliou et al., 2020). Furthermore, plot-specific characteristics like access to irrigation facilities and land size positively affect the adoption of these types of machinery. Irrigation facility increases the adoption of mechanized farming, as shown by the positive and significant coefficient of the variable, irrigated land. Family size is positive and statistically significant for adopting machines like tractors and electric pumps. a finding that is corroborated by existing studies such as Adekunle et al. (2016); Takeshima and Bhattarai (2019); and Sarkar (2020).

Both household assets and possession of livestock variables have a positive and statistically significant influence on the adoption decision. This indicates that households with a relatively higher stock of wealth may be able to adopt the types of machinery. Farmer households with a fixed deposit in the bank are more likely to adopt mechanization. This may happen because the deposit in the bank provides them with a cushion against any default on the bank loan, they might have taken to purchase such types of machinery. Membership in a farmer cooperative is positive and statistically significant for all three types of machinery, indicating that the former acts as both an information catalyst and a peer effect. This inference is in line with the studies of Aryal et al. (2019), Paudel et al. (2019a,b), Aweke (2013), and Ketema et al. (2016).

As expected, and hypothesized in Table 2, climatic stress may have induced farmers to adopt mechanized farming. The results show that the experience of climate shock-like drought, uncertain rainfall, and flood have increased the likelihood of adopting tractor and electric pumps. For example, with mechanized tilling, farmers can prepare the land and sow the seeds on short notice and similarly can harvest in a short span of time using the harvesters in the event of untimely storms and flash floods.



3.3. Impact of agricultural machinery adoption on household income and food security

As obtained from the ESR model, the adoption effects have been furnished in Tables 7–9. The income values have been rescaled by dividing them by 1000 to keep the coefficient values within the presentable limits. While discussing though, we present these values in their original form. The second aspect of impact evaluation is to examine the impact of mechanization on food security; the latter is represented as the log of household consumption. There are negative incomes for some of the households. In the case of net agricultural income, at least 10% of the households have negative income, and for total household income, at least 3% of households have negative income. Because of the negative values in income variables, we have not done any logarithmic transformation for these variables. For the consumption variables, though, the logarithmic transformation has been done, transforming the distribution into a near-normal one. The ESR model employed to examine this question produces the average treatment effect on treated (ATT) and the average treatment effect on untreated (ATU).



TABLE 7 ESR results of the adoption of tractor.
[image: Table7]



TABLE 8 ESR results of adoption of diesel pump.
[image: Table8]



TABLE 9 ESR results of adoption of electric pump.
[image: Table9]


3.3.1. Impact of tilling machinery adoption on income and consumption

The tilling machinery used examined in this paper are both 4-wheeler and 2-wheeler tractors. The impact of adopting these machines in agricultural production has been assessed on net agricultural income, total household income, and log consumption expenditure. The ATT and ATU results are displayed in Table 7. The ATT of tractor adoption on net agricultural income is positive and statistically significant at a 1% significance level. The impact is an increase in net agricultural income by USD 3,302.392, which is 31% higher for adopters than their counterfactual scenario of non-adoption. The ATU, which shows the average treatment effect on non-adopters had they decided to adopt, is also positive with an impact of USD 236.9 9, about 8%. This shows that if the non-adopters had chosen to adopt tractors, they would have gained 8% more net agricultural income.

The ATT for tractors with respect to total household income is positive and statistically significant at 1% level of significance, with an impact of USD 2,895.24 which shows that adopters have been better off using the machinery than the counterfactual scenario by 19%. Although we also find positive ATU, it turns out to be statistically insignificant. Such findings are not uncommon where ATT has statistical significance, but ATU does not (Jena et al., 2021). The consumption expenditure, which is considered the food security indicator, has also been enhanced due to machinery adoption. This can be observed from Table 7, as both the ATT and the ATU are positive and statistically significant at a 1% level of significance.

The second stage outcome regression results of ESR with respect to the adoption of tractors for net agricultural income, total household income, and household consumption are provided in Table 9. A perusal of the results reveals that family size is positively associated with higher incomes and consumption. A larger family can provide the required labor time in agricultural activities and, thus, reduce the hired labor cost. Since agricultural wages are on the rise in India, having adequate family labor can increase the net agricultural income. Crop insurance from the government is linked negatively to the income variables for non-adopters. This may be because the non-adopters who lost income due to crop loss have obtained insurance from the government, but the amount could be insufficient to overcome their loss.

The variable livestock has a positive effect on the outcome variables. Livestock is reared in the plain and hilly regions for milk and meat, which is a source of income. An increase in landholding and the proportion of irrigated land is found to have increased both the income and consumption variables for the adopters and non-adopters. Having a fixed deposit in the bank increases the adopters’ net agricultural income and consumption. Fixed savings may provide the households with the required avenue for investment in farming and may have contributed to higher farm incomes. Similarly, consumption expenditures are buoyed by having a sum of savings in the bank. On the other hand, bank credit tends to reduce the net household income of the non-adopters of the tractor. Experience of climatic shock and crop loss negatively impacts income and consumption for both the adopters and non-adopters, as both the variables have appeared with negative and statistically significant coefficients, which is in the expected lines.



3.3.2. Impact of irrigation machinery adoption on income and consumption

The estimated ATT and ATU for the irrigation machinery, such as diesel and electric pumps, are reported in Tables 8, 9, respectively. The ATT for diesel pumps is positive but not statistically significant for agricultural and household income. However, the adopters have a positive edge over the non-adopters regarding the food security indicator. In the case of ATU, the non-adopters would have received USD 737.57 more agricultural income and USD 550.70 in total household income had they adopted the machine. Similarly, positive ATU is found for food security indicators as well.

The results in Table 9 show that the ATT of electric pump adoption on net agricultural income is positive with an impact size of USD 1254.87, meaning that the adopters are better off by this amount compared to a state of non-adoption of the machine. Similarly, the ATT on household income is USD 1115.64. A positive and statistically significant ATT is also found for the food security indicator. The ATU that reports the benefit of adoption by the non-adopters is positive for both net agricultural and household income. So, the overall findings from Tables 8, 9 suggest that irrigation machinery adoption has been beneficial for the adopters by increasing their incomes and consumption.

Table 11 presents the switching regression results for both the adopters and non-adopters of diesel pumps for net agricultural income, net household income, and household consumption. The household size is found to be positively influencing all three outcome variables of the adopters and the non-adopters alike. Seasonal migration seems to be reducing the net agricultural income of the adopters and the household income of the non-adopters of the diesel pump. A possible reason for this is that since the migrating households may primarily depend upon hired labor for farming activities, it will increase the cost of farming and reduce the margin of agricultural income. The variable, crop insurance from the private companies, shows a positive association with the net agricultural income of the non-adopters. The household asset variables, such as total land holding and percentage of irrigated land, positively associated with both the income and food security indicators for adopters and non-adopters alike. Fixed deposit savings in the bank also has a favorable effect on all three outcome variables. As expected, the experience of climatic shock reduces household income and worsens their food security condition.

The switching regression results for both the adopters and non-adopters of electric pumps are provided in Table 12. The findings are similar to what has been observed in Tables 10, 11, except that the households possessing the Kisan credit card are the ones that obtained higher net agricultural and total household income in Table 12. The mills’ ratio variables (mills 1 and mills2) are statistically significant in all the outcome regressions suggesting that there was, in fact, considerable selection bias due to unobservable factors. Hence, the use of the ESR model is justified. The state dummies are used in all the regressions to capture any state-specific time-invariant heterogeneity, such as differences in geographical terrains and socio-cultural habits. The coefficients of these dummy variables are shown in the Tables but are not discussed in the text.



TABLE 10 ESR estimates of adoption of tractor machinery on outcome variables.
[image: Table10]



TABLE 11 ESR estimates of adoption of diesel pump on outcome variables.
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TABLE 12 ESR estimates of adoption of electric pump on outcome variables.
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4. Concluding remarks

Although the experts have highlighted the role and significance of mechanization in the current sustainable agricultural production, there is limited research to understand the exact impacts of mechanization on agricultural income and food security in India. The current study taps a household survey conducted in all the states of India to examine the impact of agricultural mechanization on net agricultural income, household income, and food security represented by household consumption. The adoption rate of mechanized farming is still low, and its distribution is uneven in India. A higher percentage of machinery adoption is observed in the central plains and north-central regions. Since these region is situated in the Indo-Gangetic plains, they have large tracts of fertile land that may have induced the farmers in these states to adopt mechanization.

The findings from the adoption model show that access to credit through usual bank credit and kisan credit cards has increased the probability of adoption. Furthermore, plot-specific characteristics like access to irrigation facilities and land size positively affect the adoption of these types of machinery. Experience of climatic shocks and crop loss triggers positive adoption decisions because the farm mechanization helps farmers to adapt to climatic shocks. Being a member of a farmer cooperative was also found to be a determinant of adoption decisions in our study. This suggests that social capital has a positive influence on agricultural technology adoption.

The impact evaluation estimates show that the adoption of tilling implements such as tractor and power tiller have the biggest positive impact on net agricultural income, which is 31% higher compared to the non-adopters. Similarly, the impact on household income and consumption were in tune of 19 and 5%, respectively. Adoption of other machineries such as diesel and electric pumps too increased income and consumption for the adopters significantly.

Although the use of tractors in farming is mostly concentrated in the north and central plains of India, the smaller variants of the machine, such as power tillers, can be adopted in the upland regions. Much of agricultural research in the country by academic and non-academic research institutions and the extension efforts of the state government officials in the past decades were focused on promoting high-yielding and hybrid seeds and fertilizer and pesticide use. Little attention was paid to popularizing the adoption of small and medium-sized motorized equipment. There is a need to promote and make available smaller machines and equipment such as 2-wheeler tractors and power tillers in the fragmented landholding regions of East and North-east India. Recently, there has been a surge in small and medium-sized machines in south, east and north-eastern regions. The rental service of agricultural machines has supported this expansion in mechanization. However, there is a need to further deepen the mechanization drive in the Indian agricultural sectors. The prevalent view that mechanized farming suits only large landholding settings should change. More research should be devoted to developing scale-appropriate machines such as mini-tillers (5–9 horsepower) in small and fragmented landholding settings.

Appropriate policies that increase the likelihood of getting credit support from a government and a non-government organization, frequent extension contacts, improved farmers’ access to equipment and machinery at the right time and price, and infrastructural development like improved irrigation facilities could boost farm mechanization in the agricultural sector. Mechanization will accelerate if farmers can easily access or enrol in primary agricultural cooperative societies for loans, subsidies, and training.
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Footnotes

1   There are three levels of farm mechanization: non-mechanized farming, semi-mechanized farming, and fully mechanized farming (Ma et al., 2022). If the machines are not used at any stage of agricultural activities, it is called "no mechanization." Semi-mechanized farming refers to using machines at some stages of agricultural production. Full mechanization refers to using machines in every stage of agricultural activities (Zhou and Ma, 2022).

2   INR is converted to USD by using PPP exchange rate 16.161 of 2012.
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821 an 630 237 005 002
Crop insurance Govt. -21.89 ~16.28* -17.24 —8.07 —0.09%* 002
1591 9.12 13.56 817 005 004
Crop insurance Pvt. 1097 145 448 540 -0.16 -007
3180 3085 29.42 2861 010 0.09
Kisan credit card 1486 227 18,57+ 460 003 0,09+
1139 426 9.42 360 003 002
Debit Bank ~11.49 -354 ~15.23 244 002 007%xx
878 335 803 280 003 001
Debt micro -1418 -318 —2829%4% 787+ 002 0.06%*
1226 457 963 385 004 002
Fixed deposit 49,0445 20.90%+% 2733 2478%%% -0.03 010+
1411 837 1225 7.20 004 003
Member credit -6.96 398 —9.26 080 ~0.0003 0.04%
1091 482 9.47 415 003 002
Trust state govt. 375 106 505 013 005+ 0002
482 180 417 151 002 001
‘Trust panchayat 208 553 -109 —4440% -001 ~0002
555 202 504 175 002 001
Climatic shock ~1150 -690 547 294 005 0,06+
1150 a2 1013 365 004 002
Crop loss —27.174% [ESER —2050%+% —9.84ex 0.06* 008%**
764 265 666 226 003 001
Livestock -2394 —1250%+% -9.18 -337 -003 012+
1479 410 1328 367 004 002
Assets 9.40%++ 47540 5904+ 3040 0,044+ 0.06%++
159 051 149 046 0005 0002
Landholding 4.28%0x a45%0x 50300 4590 001 0002
161 081 134 076 0.004 0002
Irrigated land 12,155+ 502855 9.77%%% 63285 —001 0,020
256 177 261 173 001 0.005
Punjab Base Base Base Base Base Base
Haryana -1353 -19.85 -8.10 —26.85% 0.04 006
2406 1663 2205 1459 007 005
Rajasthan -7.43 ~51.61%4% ~29.08% 61215+ ~0.18%+ -004
19.12 1470 1697 1282 006 0.04
Uttar Pradesh 3425 —48.10%+% —61.94% ~50.07%%% 026 —0.11#
3999 1497 3197 1333 o 005
Chhattisgarh ~105.59* —61L45%+% 91743 —60.93%%% —0.25% —051%%%
4076 15.10 3842 1339 013 005
Madhya Pradesh ~60.65%+ ~7270%%% —67.77%4% ~69.93++% ~0.18%+ ~0.19%%%
19.15 1408 1671 1253 006 004
Gujarat ~55.00 —3279%% 3519 -2219 005 -005
3634 16.16 3387 1467 009 005
Maharashtra -3128 —80.81%+% —2954 —70.83%%% —034x —0.320%
20014 1476 1833 1345 006 004
Andhra Pradesh -53.82%% ~8203%+% —6291%+% 83,645+ ~016%% ~0004
2102 1495 18.80 1356 007 004
Karnataka 3041 —45.35%4% —4236+% —60.72%%% 002 -005
212 1445 1931 1291 007 004
Kerala 115,184 —79.15%4% 4183 —7447%%% ~0.15* -009
45.96 221 3632 1907 009 007
Tamil Nadu —57.37%%% —57.66%%* 745208 —7229%%% —0.40%x* —031%%%
2079 15.48 18.98 1316 009 007
Mills1 1057 -405 ~037%%
3811 3800 o1
Mills2 —55.93%% -3519 003
2505 2349 007
Constant -63.14 38.98% 7.44 42170 11,05+ 10.15%%%
8936 16.04 8771 1376 026 006
R 04595 03619 0.4509 03799 0494 05124
F(36,716) 2851 3555 2568 3253 5528 188.07
N 1931 6,099 1931 6,099 1931 6,09

“Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Non-adopters

Mean

Std. Dev

Adopters
Std. Dev

T-test

Netagricultural income (‘000 Rupees)
“Total income (‘000 Rupees)
Consumption expenditure (‘000 Rupees)
Gender

Age

Education

Family size

Seasonal migration

Crop insurance Govt.

Crop insurance Pyt

isan credit card
Debit Bank
Debt micro
Fised deposit

Member cre

Member Cooperatives
“Trust state govt.

“Trust panchayat
Climatic shock

Crop loss

Livestock

Assets.

Landholding

Irrigated land

4741

8224

10171

085

4920

5.88

035

011

0.06

013

0.07

191

191

014

041

0.80

1240

322

145

“Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Electric pump machinery adoption

Outcome Decision

variables (in Category Adoption Effect ~ Heterogeneity effect
Indian rupees) Adopters Non-adopters

Netagricultural income ATT (@121.08(252) (<) 100.80(2.06) 2028(3.25) *+* 68.75(237) ++

(1000 rupees) ATU (d) 52.33 (107) (b) 50.76 (0.81) 1.56(1.34) 50.03(1.84)

Total household income ATT (a) 163.31(3.00) (0) 14529 (229) 18.03(3.78) ** 78.07(2.84)

(1000 rupees) ATU (d) 85.24(1.29) (b) 87.07(0.93) ~1.83(1.59) 58.21(2.09) #*

Log household ATT (@) 11.72(0.01) (911.63(0.01) 0.09(002) #+ 032(001) #*
consumption ATU (@) 11.410.01) (b) 11.32(001) 0.09(0.01) 031001) #*

ificant at 1% level.
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Diesel pump machinery adoption

Ou_&come Category Decision Adoption Effect = Heterogeneity effect
jarizbles Adopters Non-adopters

Net agricultural income ATT (@) 10487(3.11) (0)99.46(3.11) 5.40(4.40) 33.63(2.83) #**

(1000 rupees) ATU (d)71.24(1.01) (b) 59.32(0.09) 11.92(1.35) % 40.15(2.55) ***

Total household income ATT (@) 144.36(3.66) () 142.22(3.56) 214(5.10) 39.68(3.40) ***

(000 rupees) ATU (d) 10468(1.23) (b) 95.79(1.03) 890 (1.60) *+ 46.43(294) *+*

Log household ATT (@)11.65(0.02) (911.58(0.02) 0.07(0.02) ##* 0.23(002)
consumption ATU () 11.41(0.01) (b) 11.33(0.01) 0.09(0.01) ##* 0.25(002)

ificant at 1% level.
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Total income Net agricultural incom Total consumption expenditure

(‘000 Rupees) (‘000 Rupees) (log)
Adopter Non-adopter Adopter Non-adopter Adopter Non-adopter
Gender 1623 -351 1295 -026 ~006 0.03*
1462 357 1188 299 005 002
Age —034 0.09 ~036 002 ~0.0003 ~00004
029 009 024 007 0.001 00004
Education 0.10 002 028 -021 001+ ~0001
128 026 106 023 0.004 0.001
473 492+ 053 113 0,05+ 0,08+
258 075 218 064 001 0.003
Seasonal migration —1641% -142 -1019 647+ 0.05 003
9.15 299 750 235 0.06 002
Crop insurance Govt. —36.81 ~1695** ~28.36 -1030 0.20%% -001
3192 819 2491 723 010 003
Crop insurance Pvt. 3943 4569 56.08 2695 .68+ ~0002
10155 2121 8870 17.64 020 007
Kisan credit card 3051 ~1096% 1397 160 —0.12¢ o
2395 552 19.69 481 0.06 002
Debit Bank -398 -528 ~1162 -141 -002 0.06%*
1827 331 1569 272 0.05 001
Debt micro 568 -567 -1029 ~9.40%% -0.10 005+
273 441 17.88 371 0.07 002
Fixed deposit 5675 22204 2594 1695+ ~0.09 0,09+
2715 7.20 277 61 007 002
Member credit 3632 -8.04* 1519 -835** —017%% 002
3530 476 3081 412 007 002
Trust state govt. 260 359% 575 239 0,067 001
7.04 188 599 163 0.02 001
‘Trust panchayat -875 ~065 -7.12 -118 ~0.003 001
570 188 489 160 0.02 001
Climatic shock. 734 ~767% -1082 -342 —0.19%% 005%*
216 392 18.98 338 0.06 002
Crop loss 223 —17.26* —23.58%% —11.84%e ~0.002 0.06%*
1413 276 1223 244 0.04 001
Livestock 808 ~13.65%%% 026 -147 ~0.23%* 013+
3935 365 3363 311 010 002
Assets 9.82%% 4694+ 453 325%% 002 0,05+
434 045 369 040 001 0002
Landholding 10.17%%% 3450 9.99wx 379%% 001 0003
210 062 175 057 0.004 0002
Irrigated land 348 9394+ 129 JURESS ~0.02* 002%%%
468 1 393 101 001 0003
Punjab Base Base Base Base Base Base
Uttarakhand ~28.66 ~1467 18.25 -36.02%* 017 —036%**
9637 1674 8758 1528 023 0.06
Haryana —4501 ~549 -5.00 -25.07* 0.28%% 0,037
5387 1574 4748 1351 013 005
Rajasthan 3646 -2472% -1326 —47.48%5 ~006 ~005%+
3258 13.49 2809 1155 0.09 004
Uttar Pradesh ~29.60 75185+ —6031% ~7075%+ —0.474% ~0.10%++
3905 1227 3155 1084 o011 004
Bihar —47.14% —52474%% —57.97%%% —64.28%+* —0.24%%% —0.13%%
2567 1281 2105 1110 0.08 004
West Bengal ~36.40 ~6298%+% ~75.53%% 6152+ —0.73% ~030%+%
214 1370 3398 1210 o 0.04
Orissa ~107.20 ~35.40% 6585 —ag23%e ~017 ~0.49%++
7034 1429 6189 1258 018 005
Madhya Pradesh —105.85%* —4g.15%+ —90.30%* —60.44%% 000 —0.7%%
4549 1382 3971 1204 o 004
Gujarat -37.03 -36.20** -478 -33.59% -001 -005
4444 1472 4063 1319 010 004
Maharashtra —109.42 ~1890 -3863 ~32.84%% 039 ~029%++
9851 1559 864 1385 023 005
Karnataka -7072 -258 ~2054 —4090%** 158+ -007
177.66 1656 15553 1474 045 005
Tamil Nadu —64.35%* —47.98%% —8L01%x% —68.47%** —0.28%x% —031%%
3225 1406 2686 1242 010 006
Mills1 57.06 -2144 —L21m
14123 12121 035
Mills2 1414254 —68.27%* 014
3706 3374 o1
Constant -12057 -194 77.85 1877 13.19%%% 10.15%%*
32580 15.66 277.58 13.49 082 006
R 0.4611 04219 0.4666 04345 0.5808 05348
F(36,716) 1277 57.42 1242 5272 14695 2307
N 1,134 7,077 1,134 7,077 1,134 7,077

“Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Total income Net agricultural income Total consumption expenditure

(‘000 Rupees) ('000 Rupees) (log)
Adopter Non-adopter Adopter Non-adopter Adopter Non-adopter
Gender 1944 -029 2561 074 -002 0,03+
2097 284 1816 242 006 001
Age ~020 0.04 006 -002 0.001 ~0.0002
054 007 046 0.06 0.001 0.0004
Education -180 -009 -188 -025 0,003 ~0.0003
144 021 125 018 0,003 0.001
Family size 8.80%+% 4614+ 434 0.78* 0.05%+* 0,084+
305 053 259 045 001 0002
Seasonal migration —61.02%%% 179 —38.88% -2 0.04 0.03*
2167 256 1813 204 0.08
Crop insurance Govt. 2560 ~20.46%* 563 -7.50 010
3550 607 3066 546 007 003
Crop insurance Pvt. 4664 ~734 6051 -569 007 0.001
5106 1525 4836 13.30 013 005
Kisan credit card 1376 676" 7.61 099 001 0.09%%
2366 383 2055 310 005 002
Debit Bank —1313 ~657%% -19.07 -163 002 007+
2111 262 1809 222 0.04 001
Debt micro ~15.43 —881* —45.44 —9.91x 015+ 0,04+
3227 339 27.68 284 0.08 002
Fixed deposit 57304 35.26%%% 1181 29.18%%% 001 0.09%%
2572 609 274 540 005 002
Member credit 270 307 2166 -050 003 003
4117 381 3735 336 0.08 002
Trust state govt. 1294 -002 815 059 -001 001+
1069 147 946 122 002 001
‘Trust panchayat —1235 042 ~1036 -011 ~0.001 001
1072 147 9.60 124 002 001
Climatic shock. —51.73%% -169 —51.40% -057 -002 0.06%*
290 303 19.87 258 0.06 002
Crop loss ~37.29%% —1L1g* -24.42 ~9.66%+* 0.08* 0,06+
17.69 204 1540 177 0.04 001
Livestock —4252 -279 ~1456 376+ 005 0.120%
2848 263 229 220 0.07 001
Assets 11.79%% 330 589 PR 0.04%% 0.05%#%
418 037 360 032 001 0.001
Landholding P 022 77w 202005 0003 0.004%%
237 058 204 053 0,004 0002
Irrigated land 7854+ 4.66%++ 674%+ 642+ 001 0,024+
213 105 190 099 0,004 0003
Jammu and Kashmir Base Base Base Base Base Base
Punjab -12295 —47.71%% -97.69 076 ~0.66++* —0330x
7866 1521 89.01 1245 021 006
Uttarakhand -129.06 48 4%+ 8686 ~19.85%% —Lo —074%
8937 1244 9855 1009 023 006
Haryana —153.49%% ~25.94%% ~112.99 378 ~0.76%% —031ex
7664 1262 8774 972 021 005
Rajasthan ~116.43 —34.98%%% -136.56 —1249 —0.69+* —0.45%e%
79.86 1048 87.82 813 022 004
Uttar Pradesh -128.78 ~65.67+% ~148.06% ~2661%%% ~0.63+% ~051
7839 1026 8851 801 022 004
Bihar —161.65* —5262%% ~164.19% —25.03%%% ~062+% —0540%
88.80 1060 9490 815 029 005
Assam —165.99%* —44.30%%% —174.86* —17.49 —1.06%* —0.58%%%
8166 1327 9052 1087 023 005
West Bengal -20691%% —a2.57%% ~184.76%* ~15.46% —1L02* —071m
8272 1182 9128 921 023 005
Orissa —213.28%+* ~57.70%%% ~155.94% ~21.89%%% —1L02* ~0.89%++
8104 1032 8952 7.95 024 004
Chhattisgarh —149.59% —58.05%** -11230 —26.17%%% —1.26%% —0.90%%%
8422 1013 9530 7.97 024 005
Madhya Pradesh ~209.20%* ~60.31%% 184475 ~27.56%+% —0.78%% ~056%*
7804 1029 8844 813 022 004
Gujarat —141.28% ~3145%% ~95.43 1029 ~0.76%% —0.45%+%
8444 1191 93.67 9.8 022 005
Maharashtra -151.27 —2533%¢ ~13449 429 —0.810% —0.68++%
9237 1055 97.73 839 023 004
Andhra Pradesh -172.37 —a7.55%% -12213 —2823%+% -0.42 —041
11527 1079 11228 857 026 005
Karnataka ~107.45 ~3220%%% ~108.55 ~18.66°* ~055%% —0.44%5%
8097 1054 9084 828 022 004
Millst -389 ~3058 ~0.19%%
5157 4416 0.09
Mills2 —158.12%5% —80.13%%% 0167
2112 17.96 006
Constant 8075 373 16896 841 117758 10,50+
21002 1256 19186 1007 043 006
R 04599 0303 04584 0.2893 04992 05128
F(36,716) 1523 5144 1468 6.4 26 24318
N 753 8715 753 8715 753 8715

*Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Non-adopters Adopters

Mean Std. Dev Std. Dev T-test
Net agricultural income (‘000 Rupees) 50.76 10217 12108 16468 -2240%+%
Total income (‘000 Rupees) 87.08 12033 16332 194,66 —20.59%%%
Consumption expenditure (000 Rupees) 10601 107.32 158.24 147.70 —1691%4%
Gender 036 035 088 033 —232%
Age 49.7 13.99 4823 13.63 250%5%
Education 585 497 576 513 0.67
Family size 516 249 561 250 —6.68%+
Seasonal migration 010 030 0.07 006 350+
Crop insurance Govt. 003 017 0.07 025 ~713%5
Crop insurance Pvt. 001 007 0.02 014 658+
Kisan credit card 015 036 022 0.42 51
Debit bank 037 048 053 0.50 —12.98%%%
Debt micro 010 031 010 031 001
Fixed deposit 005 022 o 031 ~890%+
Member credit 012 033 017 038 ~5.08%+
Member cooperatives 008 027 015 036 ~9.60%+
“Trust state govt. 192 073 195 074 -174%
“Trust panchayat 188 071 194 073 —287%%%

atic shock 009 029 0.09 029 -004

Crop loss 038 049 042 049 EERTE
Livestock 078 041 085 035 ~692++
Assets 1637 578 1637 578 —337%%
Landholding 354 491 575 632 —16.04%+%
Irrigated land 148 337 397 506 —2420%%%

“Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Non-adopters Adopters

Mean Std. Dev Mean Std. Dev T-test

Net agricultural income (‘000 Rupees) 5932 1374 10487 15341 —1187%%
Total income (‘000 Rupees) 9579 13354 14436 18135 —1076%+
Consumption expenditure (‘000 Rupees) 107.38 10854 150.23 14412 —1L747
Gender 085 035 056 035 046
Age 49.15 1393 4937 1379 ~048
Education 592 500 579 516 083
Family size 526 251 607 310 —970%%
Seasonal migration 0.10 029 009 029 020
Crop insurance Govt. 0.04 019 004 019 ~0.11
Crop insurance Pvt. 001 0.08 001 007 067
Kisan credit card 013 033 027 044 —1221%
Debit Bank 035 048 043 0.49 —513%5
Debt micro 010 030 006 0.23 467+
Fixed deposit 0.06 025 o 031 ~5.40%+%
Member credi 010 030 007 025 37vee
Member Cooperatives 0.08 027 o1 031 ~354v5%
“Trust state govt. 190 074 185 074 248
“Trust panchayat 191 072 186 074 2230

atic shock 013 034 015 036 -217
Crop loss 039 049 044 0.50 —3.250%
Livestock 080 040 090 030 -821
Assets 1283 581 1477 630 —1034%5
Landholding 363 492 497 6.27 —8.150%
Irrigated land 179 363 350 513 — 1386+

“Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Tractor machinery adoption

Ou_&come Category Decision Adoption Effect = Heterogeneity effect
jarizbles Adopters Non-adopters

Net agricultural income ATT (a) 223.49(5.66) (9)170.12(5.01) 5337(7.56) ** 17225 (3.91) #*+*

(1000 rupees) ATU (d) 51.24(1.04) (b) 47.41(0.51) 3.83(1.16) *+* 122.71(2.28) ***

Total household income ATT (@) 28081(6.55) () 234.03(6.15) 46.79(8.99) 20004 (4.89) *+

(1000 rupees) ATU (d)80.77(1.32) (b) 82.24(0.63) ~1.47(1.46) 15179 (2.80) ##*

Log household ATT (@12.12(0.02) (911.99(0.02) 0.14(0.02) #* 0.68(002)
consumption ATU () 11.44(0.01) (b)11.29(0.01) 0.15(0.01) ##* 0,69(0.02)

#+* Significant at 1% level.
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Tractor Diesel pump Electric pump

Coefficient  Stand. Error  Coefficient  Stand. Error Coefficient Stand. Error

Gender 0002 0.004 0.01 001 0.01 0.02

Age 0,00 (9.01e-06) 0.0001 0.00004 00003 0.0004 0.001
Education 0.0001 0.0003. 0.001 0.001 0.001 0.001
Family size 0,001+ 0001 0.004%% 0.002 0.001 0.002
Seasonal Migration -001 001 0.003 002 ~0.01 002

Crop insurance Govt. 0.0003 001 ~0.03 002 0.02 003

Crop insurance Pvt. 001 001 ~009%5 002 037+ 016

Kisan credit card 0015+ 001 004 0.02 0.01 002

Access to bank credit 00175+ 0.004 0.02%% 001 004755 0.01

Access to micro-finance credit 001 001 0.02 002 ~0.01 0.02

Fixed deposit savings 0.004 001 0.04% 002 0.03 0.03

Member of credit cooperative -001 001 0.04% 002 -0.02 0.02

Member of farmer cooperatives, 0,03 001 0.03%%% 0.002 0.10%%% 0.03

Trust state govt. 0,004 0.002 ~0.01 001 0.002 0.01

Trust panchayat ~0.003 0.002 0.001 001 0.02%% 0.01

Climatic shock 0.002 001 003 002 0.02%%% 0.002
Livestock 001 0.004 0.05%%% 001 0.07%%% 0.01

Assets 001555 0.0004 0.01%%% 0.001 0.01%%% 0.001
Landholding 00025+ 0.0004 0.001 0.002 —0.01= 0.002
Irrigated land 00025+ 0.0004 001%x% 0.002 0.02%%% 0.003
Jammu & Kashmir Base

Punjab 003 002 Base Base

Uttarakhand 001 002 ~0.08%+* 002

Haryana 001 001 ~0.06%+* 002 —0.08%+* 002

Rajasthan 001 001 ~0.03 002 007 0.04

Uttar Pradesh 002 002 0.06* 004 1754 002

Bihar 0003 001 0.004 003

Assam 0.04 003

West Bengal ~001 001 0.07* 0.04

Orissa ~0.001 001 ~0.07%% 002

Chhatisgarh ~0.02%% 0.004 ~0.16%* 0.01

Madhya Pradesh 001 001 ~0.05%* 002 0.04 0.04

Gujarat -001 001 ~0.05** 002 —0.13%% 0.02

Maharashtra ~0.02%% 0.003 —0.11 001 0.10%% 0.04

Andhra Pradesh ~0.02%% 0.004 0.08* 0.05

Karnataka ~0.01% 001 —0.13%%% 001 ~0.05% 0.03

Kerala 0.09 0.06

Tamil Nadu ~003 003 0.01 005

Constant —3.85% 033 —1.95%++ 025

Pseudo R2 03746 0.1367 02227

Wald chi2(36) 94502+ 5277244 928,415+

N 9,468 8211 8,030

“Significant at 10% level; **Significant at 5% level; ***Significant at 1% level.
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Variables Mean SD

Treatment variables

Tractor 0.08 0.27 Dummy=1if HH Adopted, 0 otherwise

Electric Pump 024 043 Dummy-

if HH Adopted, 0 otherwise

Diesel Pump 014 03 Dummy

i HH Adopted, 0 otherwise

Independent variables

Gender HH 085 0357 1if the gender of the household head is male,0 otherwise
Age HH 49.29 1399 HH age (years) =
HH Education 58 500 Household Head number of years of schooling +
Family size 5277 2545 Total members in the family +
Seasonal migration 0,094 0292 1if HH Seasonal Migrant, 0 otherwise +-
Crop insurance (Govt.) 0035 0.186 1if HH have Govt Crop Insurance,0 otherwise +
Crop insurance (Pvt.) 0.007 0.088 1if the household has Pvt. Crop Insurance,0 otherwise +
Kisan credit card 0.144 0352 1if household have Kisan Credit Card,0 otherwise +
Debt.: bank 0359 0479 1if HH has debt in bank,0 otherwise +
Credit microfinance 0.102 0302 1if HH is.a member of credit society0 otherwise +
Fixed deposit in the bank 0070 0.256 1if HH is member, have a fixed depositin the bank,0 otherwise +
Member of Credit group 0215 0411 1if HH is a member of SHG,0 otherwise +
Member of cooperatives 0078 0.268 1if HH is.a member of a cooperative society,0 otherwise +
Confidence in state gov. 1.907 0725 3=less confidence,2=some confidence, 1 = more confidence -
Confidence on panchayat. 1693 0706 3=less confidence,2=some confidence, 1 = more confidence -
shock 0.138 0345 1if faced by climatic shock flood o drought,0 otherwise +
Crop failure 0398 0489 1if HH had crop failure in past,0 otherwise +
Owns livestock 0.805 0395 1if HH have livestock,0 otherwise +
Total assets 1310 5779 | Houschold assets ina number +
Total land holdings (acre) 3,605 4948 | 'Total Land holdings by the farmer in number of acres +

Irrigated land Kharif (acre) 1789 3666 Total Irrigated Land during Kharif season +
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States Frequency  Percent

Jammu and Kashmir Himachal Pradesh 133,291 130284
Punjab 312 304
Uttarakhand 108 105
Haryana 410 400
Rajasthan 727 7.09
Uttar Pradesh 1,079 1052
Bihar 383 374
Arunachal Pradesh 46 0.45
Assam 148 144
West Bengal 350 341
Jharkhand 125 122
Orissa 574 560
Chhattisgarh 574 560
Madhya Pradesh 1225 1195
Gujarat 507 494
Maharashtra 1125 1097
Andhra Pradesh 559 545
Karnataka 1255 1224
Kerala 102 0.99
Tamil Nadu 156 152

Total 10,253 100





