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Abstract

Climate-smart innovations are receiving increasing attention in policy dialogues for their
potential to transform agricultural systems and improve the well-being and resilience of farm
households. Using a recent panel data from Ethiopia merged with novel historical weather
data, we provide microeconomic evidence on the household welfare effects of Conservation
Agriculture (CA), a climate-smart agricultural practice. We use a panel data endogenous
switching regression model to deal with selection bias and farmer heterogeneity in CA choice.
The study finds that the CA practices that play a pivotal role in addressing the exigencies
of rural poverty are minimum tillage, cereal-legume intercropping, and their combination.
These practices significantly reduce the incidence and depth of poverty in areas prone to
rainfall stress, an indication of their risk mitigation role. In contrast, crop residue retention
and its combined use with minimum tillage appear not to be economically attractive CA
options. The results show that CA portfolios that include minimum tillage and cereal-
legume associations can accelerate efforts to reduce rural poverty and improve climate risk
management. We caution against exaggerated expectations of CA’s economic benefits and
a rigid recommendation of CA.
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1 Introduction

Rural poverty remains prevalent and an increasing concern in Sub-Saharan Africa (SSA) (Barrett
et al., 2017; Hansen et al., 2018). Smallholder farmers make a significant proportion of the
population that is caught in a web of poverty, mainly due to low agricultural productivity.
The agriculture sector in SSA continues to underperform due to farmers’ reliance on poor and
unsustainable farming practices that lead to land degradation and poor soil fertility (Marenya
and Barrett, 2009; Tittonell and Giller, 2013; Grabowski et al., 2016). Climate change appears
to be a major source of risk for agricultural production in SSA (Cline, 2008; IPCC, 2014; Jayne
et al., 2018). Agricultural households pay the heaviest toll since their livelihood is dependent
on rain-fed agriculture and they operate in environments characterized by weak institutions
(Dercon and Christiaensen, 2011; Kassie et al., 2015; Hansen et al., 2018). Weather-induced risks
pose a threat to agricultural productivity through exacerbating production risks, increasing risk
exposure (Di Falco et al., 2011), and altering agricultural households’ incentives to innovate and
invest in remunerative activities (Dercon and Christiaensen, 2011; Emerick et al., 2016). Low
and erratic rainfall also leads to soil moisture stress, another important constraint to agricultural
production (Thierfelder et al., 2017). With farmers facing climate variability and extremes, soils
with low moisture content could lead to low crop yields and crop failure that would exacerbate
rural poverty (Dzanku et al., 2015; Asfaw et al., 2016b).

Due to the increasing challenges of climate change, shrinking agricultural frontiers and de-
clining soil fertility (Marenya et al., 2015; Grabowski et al., 2016), feeding a surging population
(that is expected to double to 2 billion by 2050) and alleviating rural poverty is a challenge in
the current agricultural development policy (Di Falco et al., 2011; van Ittersum et al., 2016).
The solution to address these intertwined challenges requires a new paradigm for transforming
African agriculture. Since the farming systems of SSA are capital-deficient, prone to weather
extremes and have poor quality soils (Marenya and Barrett, 2009; Kassie et al., 2015), the devel-
opment and promotion of technologies and practices that could help to improve soil quality and
increase crop yields have no parallels in the process of African agricultural transformation and
to address the multiple challenges of climate change and low agricultural production (Wheeler
and Von Braun, 2013; Dzanku et al., 2015). Sustainable intensification is uniquely positioned as
a way forward for African agricultural transformation (Pretty et al., 2011; Garnett et al., 2013;
Godfray and Garnett, 2014; Juma et al., 2013). One of the options for promoting sustainable
agricultural production is the utilization of “climate-smart” agricultural technologies and prac-
tices that could support agricultural production and enhance adaptive capacity by cushioning
against the effects of climate change (Bradshaw et al., 2004; Di Falco et al., 2011; Lipper et al.,
2014; Asfaw et al., 2016b). As such, climate-smart agricultural practices are receiving greater
attention in agricultural development policymaking to harmonize economic and environmental
concerns (Kpadonou et al., 2017; Jayne et al., 2018).

Conservation agriculture (hereinafter CA) is an example of a group of climate-smart agri-
cultural practices that promote sustainable production and can improve households’ resilience
to weather shocks (FAO, 2013; Giller et al., 2011; Pittelkow et al., 2015). CA is a cropping
system founded on three practices: minimum or reduced tillage, cereal-legume rotation or in-
tercropping, and the retention of crop residues or mulch (Hobbs, 2007; Ito et al., 2007; Kassam
et al., 2009). Being central to the sustainable intensification concept, CA has increasingly been
promoted as a viable alternative to conventional farming. It is believed that CA helps farm
households address their poor production outcomes, manage climate risks, and prevent envi-
ronmental degradation (Hobbs et al., 2008).1 CA can play both a climate change adaptation

1Although CA provides food security, climate change adaptation and mitigation benefits (FAO, 2010, 2013;
Lipper et al., 2014), smallholder farmers will benefit more from enhanced food security/agricultural productivity,
increased income and greater resilience (Neufeldt et al., 2011).
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(self-insurance) and mitigation (self-protection) role against environmental (rainfall and soil fer-
tility related) shocks (Ehrlich and Becker, 1972; Hanley et al., 2007). Thus, CA is among the
production technologies and farm practices that concentrate on addressing the links between
climate change, soil fertility, farm profits, and rural poverty.

The literature on the economics of CA seems to be dominated by a bulk of studies that focus
on the drivers of CA adoption (Knowler and Bradshaw, 2007; Andersson and D’Souza, 2014;
Arslan et al., 2014; Grabowski et al., 2016). Existing studies show that the factors influencing
CA adoption in SSA include high weed pressure due to reduced tillage, labor constraints during
weeding time (Giller et al., 2009; Pannell et al., 2014; Lalani et al., 2016), lack of knowledge
about CA and its benefits (Lalani et al., 2016), the time lag between adoption and realization of
benefits (Thierfelder et al., 2017), and competition for resources (Baudron et al., 2014; Tessema
et al., 2015). Studies related to this body of the literature have also tried to delve into the
debate surrounding the suitability, effectiveness, and potential benefits of CA in SSA (Giller
et al., 2009; Rodriguez et al., 2017). One important concern is the high opportunity cost of crop
residues (biomass) which are valuable resources with alternative uses for farming households in
SSA. Crop residues can be used as livestock feed, an energy source, building materials, source of
cash, or simply burnt in the field (Jaleta et al., 2015; Rodriguez et al., 2017). Thus, the benefits
of recycling crop residues back into the cropping system as mulch may not be worth the trade-off
of giving up its other benefits.

Another strand of the literature on the economic benefits of CA is devoted to analyzing its
productivity impacts (Teklewold et al., 2013; Arslan et al., 2015; Ngoma et al., 2016; Jaleta
et al., 2016; Teklewold and Mekonnen, 2017; Michler et al., 2018; Ngoma, 2018), production
risk-reducing effects (Kassie et al., 2015; Michler et al., 2018), and adaptive capacity benefits
(Kassie et al., 2015; Arslan et al., 2015, 2017; Steward et al., 2018). However, the literature
on the economics of CA that focuses on its welfare impacts is rather sparse and inconclusive
(Hansen et al., 2018; Tambo and Mockshell, 2018). More specifically, there is limited evidence
that identifies the impact of CA on household poverty (Hansen et al., 2018). Among the few
studies is Abdulai (2016) which finds that CA reduces the incidence of household poverty in
Zambia. Farris et al. (2017) also show that an increase in farm profit due to CA reduces poverty
incidence in Uganda. These studies are based on cross-sectional data which may limit the
analysis from fully controlling for unobserved endogeneity (Pannell et al., 2014; Michler et al.,
2018). Using panel data econometrics with economic surplus analysis, Kassie et al. (2017) find
that legume-diversification, an important anchor of CA, contributes to poverty reduction in
Ethiopia when used with fertilizer and improved maize seeds. While informative, results from
analysis of only a single CA practice do not provide adequate evidence for exploring the potential
incentives for the wider scale adoption of a combination of CA practices that would generate
higher returns. Khonje et al. (2018) investigate the impact of improved seeds and CA using
panel data from Zambia and find that joint adoption of the technologies had greater impact on
crop yields, income and poverty. However, the authors adopt a holistic approach to define CA
adoption. In fact, Giller et al. (2009) argue that lack of evidence on the economic impacts of
CA disaggregated by its different components makes the refinement, targeting, and extension of
CA difficult.

This study contributes to the literature by establishing an empirical link between CA and
household poverty in Ethiopia. Poverty is pervasive in rural Ethiopia where agriculture is the
major source of income and livelihood (Abro et al., 2014; Bachewe et al., 2017; Michler and
Josephson, 2017; Verkaart et al., 2017). The Ethiopian economy depends on agriculture, which
employs a majority of the population (Di Falco and Veronesi, 2013; Abro et al., 2014; Bachewe
et al., 2017) but is primarily rain-fed and prone to weather-related shocks and stresses such
as spatial and temporal rainfall variability and drought (Teklewold et al., 2013; Di Falco and
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Veronesi, 2013). Harvest failure due to weather events is the biggest cause of risk-related hard-
ship in the country with adverse effects on household welfare (Dercon, 2004; Dercon et al., 2005).
Low agricultural production, demographic pressures and other structural and institutional im-
pediments lead to persistent poverty and impaired economic development in the country.

CA is a potential sustainable agricultural practice to address climate change and poor soil
fertility, and to improve crop productivity while preserving the natural resource base in Ethiopia
(Marenya et al., 2015; Jirata et al., 2016).2 Promotion of CA in Ethiopia began in 1998 through
the joint promotion and demonstration of the technology on farmers’ plots by Sasakawa Global
(SG2000), Makobu and regional agricultural development bureaus (Jirata et al., 2016). Since the
initial trials, organizations including FAO, International Maize and Wheat Improvement Center
(CIMMYT) and Agricultural Transformation Agency (ATA) of Ethiopia promoted CA across
the country through field demonstrations, introducing different CA equipments (e.g., jab planters
and oxen-drawn seed and fertilizer planters) and training of extension agents and farmers (Jirata
et al., 2016). Ethiopia’s Climate Resilient Green Economy strategy also advocates CA (mainly
zero or reduced tillage) as a climate change adaptation option (FDRE, 2011 in Teklewold and
Mekonnen (2017)). Despite these efforts, we know little how CA affects rural poverty.

We investigate whether CA has impact on household welfare and through the pathways of
increased productivity, resource conservation (and cost reducing) and risk-reduction. The study
uses panel household survey data provided from the Living Standards Measurement Study-
Integrated Surveys on Agriculture (LSMS-ISA) of the World Bank combined with a rainfall data
extracted from the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS).
The rich data allows examination of the many socioeconomic, farm characteristics and biophysi-
cal (rainfall and soil) conditions in determining variation in CA use and household poverty. The
empirical strategy relies on panel endogenous switching regression model that accounts for farm
heterogeneity in the decision to use CA. The results help explain the unstable and low uptake of
CA (particularly combination of CA practices) and inform the debates about CA’s attractive-
ness in SSA. Overall, the study provides evidence that could help in targeting CA initiatives and
interventions for climate risk management, agricultural transformation and poverty reduction.

The rest of the paper is structured as follows. Section 2 presents a theoretical model that
guides the empirical strategy described in section 3. Section 4 describes the data and their
sources. Section 5 presents the results and the last section concludes.

2 Theoretical framework

This study estimates the impact of CA on household poverty. We consider households’ decision
to use CA as a random utility framework in which they choose one or more CA practices that
increase utility (Tambo and Mockshell, 2018). We think of households’ decision as a constrained
optimization problem at the beginning of the agricultural season based on available information,
the farmers’ expectations regarding the coming year’s growing conditions, and the relative costs
and benefits of CA (Suri, 2011; Pannell et al., 2014).

The farmer makes polychotomous decision whether to adopt CA: minimum tillage (T), crop
residue retention or mulch (R) and cereal-legume intercropping (C), and their combinations. The

2Various projects and programs, including the Sustainable Land Management Programmes (SLMP1 and
SLMP2), Managing Environmental Resources to Enable Transitions to more Sustainable Livelihoods (MERET),
Productive Safety Nets Programme-Public Works (PSNP-PW) have been part of sustainable land management
and climate change adaptation activities in Ethiopia (Jirata et al., 2016). A notable example is the SLMP2, which
advocates sustainable land management and intensification techniques such as mulching, intercropping or crop
rotation, and no-till.
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choice of the three CA practices in isolation or in combination leads to eight mutually exclusive
CA choice sets including an empty set in which none of the CA practices is adopted (see Table
1). For each CA practice or combination of practices, there is a corresponding outcome level.
We are interested in the outcome differences between the CA users and the counterfactual -
the outcomes had the household not used CA. This difference is called the “treatment effect”
(Rubin, 1978) which we can call the “CA use effect”.

The measurement of CA use and its impact on household poverty is complicated by the
non-separability of households’ production decisions and consumption preferences (Singh et al.,
1986; de Janvry et al., 1991). Farm households in rural Ethiopia operate in an environment char-
acterized by weak institutions and incomplete markets (Marenya et al., 2015; Teklewold et al.,
2013; Verkaart et al., 2017). The absence of formal risk management and pooling mechanisms
and weak markets make production decisions (e.g. CA adoption) and consumption preferences
non-separable. Absent or imperfect formal insurance markets means risk averse farm house-
holds do not have an incentive to engage in high return but potentially risky activities (Dercon
and Christiaensen, 2011; Kassie et al., 2015). Imperfect rural labor markets, information asym-
metry and high transaction costs constrain the capacity of resource poor households to adopt
labor and knowledge intensive technologies and farming practices such as CA (Kpadonou et al.,
2017). Imperfect access to credit also limits households’ investment in capital-intensive inno-
vations (Mutenje et al., 2016). The seasonality and underdevelopment of output markets (e.g.,
grain markets) often discourage technology investments and could limit the implementation of
CA practices such as cereal-legume diversification and crop residue retention in mixed crop-
livestock production farming systems (Tessema et al., 2015).

CA use decision is also determined based on differences in expected net farm returns (farm
profits) between CA and Conventional farming (CF) scenarios. Following Suri (2011), the profit
functions for CA and non-CA (CF) farmers at time t can be represented as different between
revenue and costs as follows

πCAit = pitY
CA
it −

J∑
j=1

ωjitX
CA
jit (1)

πCFit = pitY
CF
it −

J∑
j=1

ωjitX
CF
jit (2)

where Y CA
it and Y CF

it are the vector of crop yields for CA and CF farmers, respectively. pit
is a vector of crop prices which is assumed to be same for CA and CF; Xit and wit are vectors
of inputs and input prices respectively.

Let the expected profit (income) from CA and CF be denoted by π∗it
CA and π∗it

CF , respec-
tively. The farmer decides to choose CA over CF if the optimized farm profit from using CA
exceeds the optimized farm profit from without CA, i.e., when π∗it

CA > π∗it
CF . This could be

written as the following optimality condition:

(
Y ∗it

CA −
J∑
j=1

ωjit
pit

X∗jit
CA
)
>
(
Y ∗it

CF −
J∑
j=1

ωjit
pit

X∗jit
CF
)

(3)

To understand the impact of CA on household poverty, we must consider the various path-
ways through which CA would affect household poverty. The poverty reducing effects of CA
could primarily be channeled through its farm level impacts. CA would affect household poverty
primarily through its effect on aggregate crop productivity (crop yields) and farm returns (crop
income). Assuming crop and input prices to be same for CA and non CA farmers (from the
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profit functions), CA use decisions based on farm profits will primarily depend on yield differ-
ences across CA and CF. Differences in yield and input use are very likely to lead to differences
in farm income (profit) and cost of production that would ultimately affect welfare. Crop yield
improvements will be obtained from the agronomic benefits of CA such as improved soil struc-
ture, increased organic matter, and reduced moisture stress (Tambo and Mockshell, 2018). The
resulting increased crop yields may subsequently increase crop income and hence household
consumption expenditure (Abdulai, 2016). Over several seasons, the incremental increase in
consumption or income could help households grow out of poverty.

CA would affect household poverty through reducing production costs (Tambo and Mock-
shell, 2018) and mitigating production risks (Teklewold et al., 2013; Kassie et al., 2015) that
would enhance farm income. In addition, CA practices could save time and labour (especially
in peak seasons) that can be reallocated to alternative income-generating activities. On the
other hand, CA may increase household labour requirements for weeding if pesticides are not
used, and thus reduce household income and consumption expenditure (Giller et al., 2009; Ar-
slan et al., 2014). The other key channel through which CA would affect household poverty
is through its risk buffering effect (Arslan et al., 2017). Using CA means a better quality of
soil and higher resistance to climate (environmental) risks (Tambo and Mockshell, 2018). As a
result, households that practice CA are less likely to face risk of crop failure.

3 Empirical strategy

Estimating the impact of CA on household poverty and farm level outcomes is inherently sub-
ject to various endogeneity problems. Since CA use behaviour is not random, farmers’ CA
technology choice decision is likely to be determined by unobserved characteristics (such as farm
management skills and ability, individual motivation, openness to innovation, preferences, etc)
that would also be correlated with poverty and farm level outcomes (Mundlak, 2001; Suri, 2011).
When households are not randomly assigned to CA users and non-users, they will self-select into
CA choice based on their capacity and expected returns which are heterogeneous (Wu and Bab-
cock, 1998; Marenya and Barrett, 2009; Suri, 2011; Pannell et al., 2014). The choice to use CA
may also be driven by unobserved farm characteristics such as soil fertility or soil quality. CA
choice could also be affected by time-invariant unobserved factors and time-varying (transitory)
shocks that may also affect household poverty. Farmers who actively choose no-till or reduced
tillage for soil conservation or productivity-enhancing reasons might also be more likely to be
different (or have different farms) than farmers who practice de facto no till systems because they
do not have access to technology to facilitate tilling. Moreover, there may be heterogeneity in
returns to CA (e.g., in terms of yield, cost or risk reduction) such that farmers with high returns
to CA are the ones that practice CA (Suri, 2011). This indicates that unobserved farmer-specific
comparative advantage (the gain from CA choice) might influence the decision to use CA (Suri,
2011). Regression of the outcomes on CA use without correcting for the potential self-selection
and unobserved heterogeneity may lead to erroneous estimates for the returns to CA adoption.

With panel data, the impact of CA can be recovered by addressing some of the endogeneity
concerns raised above. For instance, fixed effects (FE) can help to control for unobserved
endogeneity through eliminating the effect of time-invariant characteristics. However, the use
of FE is inadequate to estimate the effects of CA for two reasons (Kassie et al., 2017). First,
FE models assume that both observed and unobservable factors have homogeneous effect on
household poverty for both CA users and nonusers. This is a stringent assumption since the
economic outcomes of CA use can be heterogeneous due to both observed and unobserved factors
(Suri, 2011; Pannell et al., 2014; Kassie et al., 2017). Second, standard regressions such as FE
assume that unobservable time-invariant variables are the only omitted variables that affect CA
use and the outcomes. This assumption is less likely to hold because households might move in
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and out of CA use during the course of the panel due to changes in unobservable factors that
could also affect the outcomes (Suri, 2011). Thus, standard regressions cannot help us take full
account of farmer heterogeneity.3

To circumvent selection bias due to time-invariant and time-varying unobservables, we em-
ploy panel endogenous switching regression (ESR) model (Malikov and Kumbhakar, 2014).
Since households face CA use decision of a polychotomous nature, we utilize a multinomial
ESR (MESR) model. Since separate outcome regressions are estimated for CA and non-CA
households, the MESR allows interaction between the CA technology set choice and the control
variables to capture the effect of CA technology choice on the shift of the intercept and slope of
the outcome equation (Di Falco and Veronesi, 2013; Kassie et al., 2017). Additional advantage
of the MESR method is that it enables the construction of a counterfactual based on returns
to characteristics of CA users and non-users (Kassie et al., 2017). The framework also helps
us explore in depth the CA use decision and impact of the CA practices individually and in
combination. Likewise, it enables us capture potential interrelationship among the specific CA
practices and to identify the CA package that yields the highest payoff (Wu and Babcock, 1998).

Following Malikov and Kumbhakar (2014), we begin with the following generalized panel
data switching regression model

yit,j =

{
xit,jβj + υij + νit,j if Cit = j

− otherwise
(4)

with

C∗it,j = zit,jγj + ui + ηit,j (5)

where i = 1, ..., N indexes the household, t = 1, ..., T indexes time and j = 1, ..., J denotes
the regimes. yit is the outcome of interest (poverty or farm level outcomes) and Cit denotes CA
choice (the practices in isolation or in combination). xit,j and zit,j are a vector of covariates such
as household and farm characteristics and biophysical factors that may overlap. υij and ui are
household-specific unobserved effects that are allowed to be correlated with the covariates. νit,j
and ηit,j are disturbance terms that are assumed to be orthogonal to xit,j and zit,j . The outcome
variable yit,j will be observed conditional on the selected CA regime j. C∗it,j is a latent variable
that govern the regime selection or switching (CA choice) with observable categorical responses.
βj and γj are parameters to be estimated. Least squares estimation of the outcome equation
may not give consistent estimate of βj since possible correlation between νit,j and ηit,j may also
introduce some correlation between the explanatory variables and the disturbance terms in the
outcome equation (Bourguignon et al., 2007). To address this and other econometric concerns,
the above model is estimated using a multinomial endogenous switching regression (MESR)
model in a two-stage framework (Bourguignon et al., 2007; Malikov and Kumbhakar, 2014).

First stage: Multinomial logit model with farmer’s heterogeneity

The first stage involves modelling the drivers of CA choice following a random utility framework
in which at each time period t, a farmer i chooses a CA technology set that maximizes expected
utility. Let the utility from choosing a CA technology set j be represented by the latent variable
C∗it,j . A household chooses a CA technology set j if its utility or expected return outweighs the
utility that could be obtained from another set k i.e., if εit,j = max

k 6=j
(C∗it,k − C∗it,j) < 0.

3Standard regressions such as Ordinary Least Squares (OLS) or Fixed Effects and Instrumental variables (IV)
methods cannot help us account for farmer heterogeneity. If OLS or FE is used to estimate the impact by
introducing dummy for CA, the coefficient suggests the impact to come from those who switch CA during the
course of the panel (Suri, 2011).
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Following Di Falco and Veronesi (2013) and from equation 5, we specify the latent model
that describes farmer’s CA adoption behaviour as

C∗it,j = Zit,jγj + ui + ηit,j (6)

with

Cit =


0 iff C∗it,0 > max

k 6=0
(C∗it,k)

...

J iff C∗it,J > max
k 6=J

(C∗it,k)

(7)

In equation 6, Zit,j is a vector of variables that would affect the probability of choosing CA
technology set j. Likewise, ui and ηit,j represent the household-specific heterogeneity and time-
varying unobserved factors or idiosyncratic errors, respectively. The Zit and the idiosyncratic
unobserved stochastic component are assumed to be uncorrelated (i.e. E(ηit,j |Zit,j) = 0). Un-
der the assumption that ηit,j is independent and identically Gumbel distributed across all CA
sets (the independence of irrelevant alternatives or IIA hypothesis) (Bourguignon et al., 2007),
equation 6 leads to multinomial logit model (McFadden, 1973) with farmers’ heterogeniety of
the following form

pit,j = Pr(Cit = j|Zit, ui) =
exp(αj + Zitγj + ui)∑J
k=1 exp(αk + Zitγk + ui)

, j = 1, ..., J (8)

where pij,t is the probability that household i will choose the CA set j at time t. Zit is a
matrix of observable household characteristics (e.g., gender, age and education of the household
head and household size) that are major factors determining labor availability, human capital,
and risk preference, and hence CA use (Arslan et al., 2017). Wealth indicators (farm size, asset
wealth, livestock holding, credit access) are also included to control for factors such as risk and
time preferences that determine the ability of farm households to introduce CA in their farming
systems (Tanaka et al., 2010; Pannell et al., 2014; Tessema et al., 2015). We control for access
to extension service, proximity to markets, road, soil nutrient availability and climate related
variables. We also add a time period and region dummies to capture temporal and spatial
differences in agro-ecology, price, and institutions (Suri, 2011; Kassie et al., 2017). ui denotes
time-invariant unobserved factors or farmer heterogeneity. αj represents the specific constant
term of CA technology set j. The parameter of interest is γj which measures the average partial
or marginal effect of the determinants of CA adoption.

Equation 8 is estimated using pooled multinomial logit model with correction for unobserved
heterogeneity using the Mundlak (1978) device (Wooldridge, 2002). The Mundlak approach
helps us model the time-invariant individual unobserved effect (ui) as a linear projection of
the averages of all time-varying observed variables as: ui = πZ̄i + ai. In addition to con-
trolling for potential unobservable household and farm-specific effects, the Mundlak approach
helps to avoid the problem of incidental parameters that might arise from using fixed effects
in the multinomial logit model. The approach enables us generate consistent estimates since
it accommodates dependence between unobserved effects and the explanatory variables in the
model. From the first-stage estimates, we derive Inverse Mills Ratio (IMR) terms that serve as
selectivity correction terms in the second stage.4

4The selection correction terms are computed for each regime separately as: λit,j =
φ[Jεjit (.|Γ)]

Φ[Jεjit (.|Γ)]
where φ(.) is

the standard normal probability density function (pdf) and Φ(.) is the standard normal cumulative distribution
function (cdf). Jεit,j (.|Γ) = Φ−1(Λεit,j (.|Γ)) where Λεit,j (.) is the cdf of εit,j and Γ = {Zγj ; Z̄πj ; j = 1, ..., J}.
The distributional and linearity assumptions and alternative approaches are discussed by Malikov and Kumbhakar
(2014) and Bourguignon et al. (2007).
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Second stage: Outcome equations

In the second stage, we estimate Ricardian-type outcome equation models (Mendelsohn et al.,
1994) conditional on the selected CA technology set with selectivity correction terms obtained
from the first stage, along with correction for potential unobserved heterogeneity using the
Mundlak device. The second stage involves estimating the impacts of the selected CA choice set
on household poverty and the farm level outcomes. Each CA regime the household faces when
making the CA technology choice leads to separate outcome equations. The treatment effects
of interest, in this case, consist of various binary comparisons of the actual outcomes for CA
users (any practice or combination) and the counterfactual scenario. Because, for each sample
household, the dependent variable is observed for the selected CA technology set only, a simple
comparison of the outcomes for CA users (the selected regime) and nonusers (reference category)
will yield inconsistent estimates. To get consistent estimates of the parameters of interest, we
estimate the outcome equations following the approach by Bourguignon et al. (2007) that takes
into account the correlation between the error terms of the multinomial logit model and the
outcome equations.

The outcome equations for each possible regime j with selection bias correction is specified
as

Regime 0 : Yit,0 = Xit,0β0 + λ̂it,0σ0 + (λ̂it,0T )ψ0 + υi0 + εit,0, if j = 0

Regime J : Yit,J = Xit,JβJ + λ̂it,JσJ + (λ̂it,JT )ψJ + υiJ + εit,J , if j = 1, ..., J
(9)

where j = 0 denotes the null category where neither of the CA practices nor their combina-
tions is used by the farmer, and j = 1, 2, ...J indicates use of any CA practice or a combination
of practices. Yit,j represents the outcomes related with the selected regime j (j = 0, ..., J). Xit

represents a vector of control variables defined above. Since the factors that would affect CA
choice may also affect household poverty and the farm level outcomes, the second stage outcome
regressions can share the covariates included in the first stage regression. λ̂ are the predicted
inverse mills ratios (IMRs) derived from the multinomial logit selection equation (8) to capture
time-varying unobservable effects. σ is the covariance between the error terms of CA choice and
the outcome equations. In addition to the IMRs, we introduce the interaction of the IMRs and
year (T ) as λ̂it,jT based on Wooldridge (2002) for estimation of unbalanced panel data models
(Kassie et al., 2017). This allows for different correlations between the idiosyncratic errors and
the correlations to be different across time. υ represents the time-invariant unobservable factors.
The parameters of interest are β, ψ and σ.

We follow Wooldridge (2002) and Malikov and Kumbhakar (2014) to estimate pooled ordi-
nary least squares (OLS) models for the outcomes. Pooled models are preferred since selection
bias correction by adding the IMR to the second stage and using standard fixed effects might lead
to inconsistent estimates (Wooldridge, 2002; Kassie et al., 2017). We employ OLS for continuous
outcomes equations and linear probability models (LPM) for binary outcome equations (Dercon
et al., 2009; Dercon and Christiaensen, 2011; Michler and Josephson, 2017). As in the first stage,
we utilize the Mundlak (1978) approach to attenuate the effects of unobserved heterogeneity.
To this purpose, we parameterise the time invariant unobserved variable (υi) by replacing it
with its linear projection onto the time averages of all time-varying explanatory variables as:
υi = ηX̄i + bi with bi ∼ IIN(0, σ2b ) and E(bi|X̄i) = 0. The use of the Mundlak specification
to define correlated effects in both stages helps us conserve degrees of freedom (Malikov and
Kumbhakar, 2014). Since the second stage outcome regressions include estimates from the first
stage selection model, we correct the standard errors using bootstrapping.

The significance level of our treatment effects will not be biased due to lack of exclusion re-
strictions because we estimate separate outcome regressions for CA users and nonusers (Malikov
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and Kumbhakar, 2014; Kassie et al., 2017). However, it is often important to use exclusion re-
strictions in addition to those automatically generated by the nonlinearity of the IMRs obtained
from the selection model. Previous studies used past experience of extreme weather events (e.g.,
drought) and information sources (e.g., government extension, farmer-to-farmer extension, in-
formation from radio) as selection instruments in related impact evaluation studies (Di Falco
et al., 2011; Di Falco and Veronesi, 2013; Kassie et al., 2015; Teklewold and Mekonnen, 2017).
To remain within the spirit of these studies, we use community level improvement in agricultural
extension services related to crop production and natural resources management as exclusion
restriction. Following Di Falco et al. (2011), we test the validity of the selection instruments by
performing a simple falsification test. The results confirm that the excluded variables have a
significant effect on CA (significant for some of the CA practices) but do not exert any significant
effect in the outcome equations (Table 15 in the Appendix).

Counterfactual Analysis and Treatment Effects

To assess the effect of the CA technology set choice on the outcomes (the treatment effect
on the treated), we estimate the expected actual (observed) outcomes and the counterfactual
outcomes for a farm household that uses CA technology set j with correction for selection bias
and endogeneity. The actual expected outcomes are computed as:

E(Yit,J |j = J) = Xit,JβJ + λ̂it,JσJ + (λ̂it,JT )ψJ + X̄iJγJ , j = 1, 2, ..., J (10)

where X̄iJ denotes the mean of the time-varying explanatory variables introduced to control
for the effect of unobserved factors.

Similarly, the counterfactual expected value of the outcomes for farm households with a CA
technology set j that contains one or more CA components is given as:

E(Yit,0|j = J) = Xit,Jβ0 + λ̂it,Jσ0 + (λ̂it,JT )ψ0 + X̄iJγ0, j = 1, 2, ..., J (11)

In equation 11, the parameters β0, σ0, ψ0 and γ0 are coefficients obtained from estimation
of the outcomes without a CA technology set (j = 0) and the other variables are as they are
defined above. Equation 11 represents the outcome from a CA technology set j (j = 1, ..., J) CA
users would have obtained if the returns (coefficients) on their characteristics (X,X̄, and λ̂) had
been the same as the returns (coefficients) on the characteristics of the non-users (Teklewold
et al., 2013; Kassie et al., 2017).

The average treatment effect on the treated (ATT), which is the measure of the average effect
of CA on the outcomes, is estimated taking the difference between equation 10 and equation 11
(Kassie et al., 2017; Khonje et al., 2018) as follows

ATT = E(Yit,J |j = J)− E(Yit,0|j = J)

= (βj − β0)Xit,J + (σJ − σ0)λ̂it,J + (ψJ − ψ0)(λ̂it,JT ) + (γJ − γ0)X̄iJ
(12)

The first term of equation 12 ((βj − β0)Xit,J) indicates the change in the outcomes due to

the differences in returns to observed characteristics. The second and third terms ((σJ−σ0)λ̂it,J
and (ψJ − ψ0)(λ̂it,JT )) indicate the change in the outcomes due to differences in returns that
attribute to time-variant unobserved characteristics. The last term ((γJ − γ0)X̄iJ) is attributed
to outcome changes because of differences in time-invariant unobservables.
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4 Data and Descriptive Statistics

4.1 Household and Rainfall Data

The data come from the Ethiopian Socioeconomic Survey (ESS) administered through the Living
Standards Measurement Study-Integrated Surveys on Agriculture (LSMS-ISA) initiative of the
World Bank in collaboration with the Central Statistical Authority of Ethiopia.5 The household
survey collects detailed information on household socioeconomic characteristics, non-agricultural
household enterprise, household assets, household consumption expenditure, shocks and coping
strategies. The agriculture survey collects information on land holdings, agricultural inputs,
crop production and disposition patterns and livestock ownership. Moreover, the ESS collects
information on extension services related to crop production and natural resources management
at the community level. Both the households and their plots are georeferenced using global
positioning system (GPS) that enables inclusion of relevant biophysical factors such as rainfall,
temperature and soil nutrient constraints in the analysis.

The LSMS-ISA provides high-quality household consumption data for poverty analysis (Far-
ris et al., 2017). We utilize information on socioeconomic variables such as farmer characteristics
(e.g. age, gender, education, household size), wealth (land holding, livestock wealth, asset hold-
ing, credit access), farm management (e.g. input use, plot characteristics, etc), biophysical
factors (e.g. soil, temperature, rainfall) and the enabling environment (e.g. markets, extension
services, proximity to road) as controls in the analysis. The panel nature of the data set allows
us to study variation in CA use and household poverty, both of which are important consider-
ations for policy making. While the ESS has three waves (2011/12, 2013/14 and 2015/16), we
do not use the 2011/12 wave since no information is collected about crop residue retention and
minimum tillage. Therefore, this paper is based on data from the latest two waves (2013/14
and 2015/16) with a focus on the rural sample. Attrition for the rural household sample is 1.5%
across the two waves. After thorough data cleaning and exclusion of observations with missing
values, final analysis is undertaken with an unbalanced panel of 6,102 rural households.

We extract historical rainfall data from the Climate Hazards Group InfraRed Precipitation
with Station data (CHIRPS), a thirty year quasi-global rainfall dataset that spans 50◦S −
50◦N . CHIRPS incorporates 0.05◦ resolution satellite imagery with in-situ station data to
create a gridded rainfall time series (Funk et al., 2015; Michler et al., 2018). We make use of the
geographical coordinates for the village boundaries from the LSMS-ISA data to take the average
rainfall for the months within the village from 1981 to 2014. Then, we aggregate the village level
monthly rainfall data to the annual and seasonal levels. From the rainfall data, we compute the
historical average and standard deviation of rainfall to capture the short and long term climate
variability. The amount of rainfall during the growing season preceding the survey year is also
included as proxy for water stress or availability. The rainfall variables help to control for the
effect of farmers’ risk profile and expectations on CA use.

4.2 Conservation agriculture use patterns

A difficulty in empirical studies on the farm level economics of CA is deciding which practice(s)
to count as CA (Pannell et al., 2014; Michler et al., 2018). In this study, the three pillars of
CA considered are minimum or reduced tillage (T), crop residue retention or mulching (R) and
cereal-legume intercropping (C). We define minimum tillage as a binary variable taking a value
of 1 if the households uses either zero or reduced tillage (only one plough pass) on at least one
of the plots (Kassie et al., 2015). Crop residue retention, another anchor of CA, is defined as
a dummy variable taking value of 1 if the household leaves any crop residue/mulch on the plot

5Details of the survey including sample size, sampling methods, data and other supporting materials are
provided in the website: www.worldbank.org/lsms-isa.
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surface.6 Cereal-legume intercropping is another essential part of CA systems and a climate-risk
reduction strategy. We exploit the crop level information to create an indicator for cereal-legume
intercropping which is defined as whether the household cultivates cereals with legume crops on
at least one plot.7 Then, we generate a multinomial choice variable by categorizing households
according to their adoption of the 3 CA practices in isolation and/or in combination which
leads to 8 possible CA technology options. Conventional farming or traditional cultivation
practices are defined as everything else other than the 3 CA practices (Michler et al., 2018).
Our pragmatic approach, although not ideal, is in line with previous literature (Pannell et al.,
2014; Arslan et al., 2014). More important, we adopt a more practical definition of CA given
the context of Ethiopia (Marenya et al., 2015; Tessema et al., 2015; Teklewold and Mekonnen,
2017).

Table 1: Pattern of CA combinations adoption (%)

CA
sets

Frequency (%)

2013 2015 Pooled

Conventional farming or no CA (T0R0C0) 36.42 51.01 43.66
Minimum tillage only (T1R0C0) 50.8 32.41 41.67
Crop residue retention only (T0R1C0) 0.98 2.44 1.70
Cereal-legume intercropping only (T0R0C1) 2.86 3.04 2.95
Min. tillage & crop residue only (T1R1C0) 2.11 5.45 3.77
Min. tillage & cereal-legume intercrop only (T1R0C1) 6.41 4.66 5.54
Crop residue & cereal-legume intercrop only (T0R1C1) 0.23 0.30 0.26
Comprehensive CA (all 3 practices) (T1R1C1) 0.20 0.69 0.44

Note: Each mutually exclusive CA set consists of a binary variable for the CA practices minimum tillage (T),
crop residue retention (R) and cereal-legume intercropping (C) where the subscript 1 shows use and 0 denotes
nonuse of the particular technology set. The sample sizes are 3,075 and 3,027 for 2013 and 2015, respectively.
The proportion of households using the CA practices (in contrast to the mutually exclusive category presented
here) over the two periods along with proportion difference test is provided in Table 8 (Appendix).

Table 1 summarizes the pattern of CA adoption over the two periods. After about 20 years
of promotion, the adoption of the CA practices in Ethiopia is low and uneven. The proportion
of households that practice minimum tillage only significantly diminished from 51% in 2013 to
about 32% in 2015. The adoption rates are comparable with the study by Tsegaye et al. (2008)
that report a 57% adoption rate of a component or combination of conservation tillage technology
in Oromia region of Ethiopia. The significant decrease in minimum tillage use is an indication
of unsustained adoption. The percentage of households that practice crop residue retention
or mulching only has increased from about 1% to 2.4% during the two periods. However,
the adoption rate is low possibly due to the alternative uses of crop residues in the Ethiopian
crop-livestock mixed farming systems (Jaleta et al., 2015; Marenya et al., 2015; Tessema et al.,
2015). The proportion of households who practice cereal-legume intercropping only is low and
remains stable at about 3%. This indicates that monocropping is still a dominant cropping
system in Ethiopian farming systems (Jirata et al., 2016). Our data suggest that Ethiopian
smallholder farmers preferentially adopt minimum tillage while crop residue retention and cereal-
legume intercropping lagged behind. The plausible reason could be the preferential promotion
of minimum tillage by different stakeholders in the country (Jirata et al., 2016; Teklewold and
Mekonnen, 2017).

6Crop residue retention at plot level is about 4%. Less than 1% of the households report that 35% or more of
their plots are covered with crop residues or mulch.

7Since we do not have (sufficient) data about the crops cultivated on each plot in the previous season, we are
not able to create an indicator for cereal-legume or maize-legume rotation.
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What is even more surprising in our data is that the adoption of the different combinations
of the CA practices is very low (Table 1). The proportion of households who practice the
combination of minimum tillage and crop residue retention only (also called conservation tillage)
increased from about 2.1% in 2013 to 5.5% in 2015. Nonetheless, the percentage of households
who practice the combination of minimum tillage and cereal-legume intercropping only falls
from 6.4% to 4.7% during the same period. The adoption of a combination of crop residue
retention and cereal-legume intercropping is less than 1% in both periods. Although adoption of
a comprehensive CA package that includes the full suite is theorized to provide better financial
returns (Knowler and Bradshaw, 2007), the percentage of farmers practicing all components of
CA (the most comprehensive CA package) is less than 1%. Previous studies also show that the
adoption of the full CA package in a smallholder farming context is rare and often farmers adopt
one or two individual components (Giller et al., 2009; Arslan et al., 2014; Tessema et al., 2015).
The primary constraints to CA adoption include the high opportunity cost associated with the
alternative use of crop residues, labor constraints and the high costs of herbicides (Arslan et al.,
2014; Tessema et al., 2015; Jaleta et al., 2015; Teklewold and Mekonnen, 2017).

Since the number of households that practice a combination of crop residue retention and
cereal-legume intercropping only (T0R1C1) and the combination of the three practices (T1R1C1)
is extremely low to allow a joint analysis of the combination of these practices and produce
credible estimates, our econometric model excludes the two CA categories. Estimation based
on combining different categories might cloud identifying the mechanism of impact. However,
we produce the impact estimates by combining the two categories with other categories as
a robustness check and to minimize sample selection. The results remain similar with those
obtained by dropping the two categories (see Tables 16, 17 and 18 in the Annex for combined
categories and results).

Another interesting feature of CA use pattern is transition or switching behaviour of house-
holds in and out of use during the two periods. To describe the transitions of households across
CA practices over the two periods, we split the CA use history for each practice and combinations
into dummies. We define a “stayer” as a farmer (household) that uses the CA practice in both
2013 and 2015. A “joiner” is defined as a farmer who does not use the particular CA practice in
2013 but does in 2015. Similarly, a “leaver” is a farmer who practices the particular CA practice
in 2013 but not in 2015. A “nonuser” is a household that does not use any of the CA practices
in both periods. The transitions of each CA practice in the sample data is provided in Table 9
(Appendix). The results show that about 32% of the sample households used minimum tillage
in both periods (stayers) and about 39% of the households switch in and out of minimum tillage
use over 2013 and 2015. The use of the other CA practices in particular the combinations of CA
practices is low and characterized by low transitions of households in and out of CA adoption.
Such switching behaviour could be due to differences in observed and unobserved time-invariant
and time-variant factors. Although we do not explicitly model CA transitions, we take account
of switching behaviour and related issues in our empirical estimations.

4.3 Household poverty measures

A measure of household poverty is established using a monetary measure of household welfare.
In this study, aggregate consumption expenditure is used to base the calculation of household
poverty. Total household consumption expenditure is first calculated by aggregating the esti-
mated total value of food and non-food expenditures.8 The aggregate consumption expenditure

8The value of food consumption is computed as the total value of consumption from home production, market
purchases and gifts estimated using the median price. The median prices are calculated at the lowest geographical
unit for which there are at least 10 price observations. If there are less than 10 price observations for that item at
the enumeration area (EA), the next level up is used. The geographical levels used, in ascending order, are EA,
Kebele, Woreda, zone and region and national.
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is adjusted for differences in the nutritional or calorie requirement of different household mem-
bers by dividing it with an adult equivalence scale. The resulting per adult equivalent nominal
consumption expenditure is deflated using the consumer price index (CPI) obtained from Cen-
tral Statistical Authority of Ethiopia to account for the spatial and temporal differences in the
costs-of-basic needs.

Poverty indices are computed using the popular Foster-Greer-Thorbeck (FGT) method (Fos-
ter et al., 1984):

pα =
1

N

N∑
i=1

[z − ci
z

]α
I(ci < z) (13)

where z denotes the national poverty line established by the Ministry of Finance and Eco-
nomic Development (MOFED) of Ethiopia, ci is the per adult equivalent consumption expendi-
ture estimated from the survey data for the ith household, and N is the sample size. I(ci < z)
is an indicator function that takes a value of 1 when the consumption of the ith household lies
below the national poverty line, and 0 otherwise. Three poverty indices are computed by varying
the consumption inequality aversion parameter, α. When α = 0, the formula reduces to the
head count ratio that measures the proportion of households below the national poverty line.
When α = 1, it provides the poverty-gap that shows the intensity or extent of poverty in terms
of how far the poor are from the national poverty line. α = 2 provides a measure of severity of
poverty that shows the degree of inequality among the poor.

In our sample, the proportion of households with consumption level below the national
poverty line increased from about 41% in 2013/14 to 46% in 2015/16. The poverty headcount
rate is comparable with those reported in recent studies (Zeng et al., 2015; Michler and Joseph-
son, 2017; Verkaart et al., 2017). To better understand how the incidence of poverty changes
over the two periods, we use poverty transition matrix analysis. In fact, about 66% of the
households who were non-poor in 2013/14 remain above the national poverty line in 2015/16,
and about 63% of the households that were poor in 2013/14 remain poor in 2015/16. This is
an indication of high poverty persistence in rural Ethiopia. The result also shows the presence
of a significant movement of the sample households in and out of poverty over the two periods.
About 37% of the poor in 2013/14 grow out of poverty in 2015/16, whereas 34% of the non-poor
in 2013/14 also slide into poverty in 2015/16. Results of the transition analysis show a dramatic
mobility of the rural households into and out of poverty over the two periods. In this study, we
only have two observations per household. Therefore, it is difficult to find informative measures
of household poverty dynamics and to study how poverty responds to CA adoption over time.
Table 2 provides the mean values of the household poverty measures. The descriptive statistics
and bivariate analysis results show that non CA households are better off than CA users.

4.4 Mechanisms - farm level economic outcomes

While reducing poverty is not, strictly speaking, a direct product of CA adoption, it can be
thought of as an extension of the productivity increasing, cost reducing and downside risk
mitigating effects of CA. To provide evidence on the possible farm level pathways through
which CA impacts household poverty, we estimate the impact of CA on farm productivity, cost
of production, and risk of crop failure. Farm productivity is measured as net crop income per
hectare. While crop yield per area is the most commonly used indicator for farm productivity,
it is less attractive in multiple-crop economies. Since farm households are more concerned with
maximization of economic value, crop income could be a better indicator to reflect the ultimate
impacts of farmers’ decisions (such as CA adoption) on their welfare. We take the value of crop
harvested to measure value of production using prices at the most appropriate transaction level
(farm gate or community levels based on data availability). Crop production expenditures are
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measured as the sum of land rental values, cost of inputs including seeds, fertilizer, and labor
hired for land preparation and harvest. To arrive at a measure of crop income, we deduct total
production expenses from the value of production. To get a measure of the risk of crop failure,
we generate a dummy variable which takes a value of 1 if the household reports any crop failure
or damage in the agricultural season.
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Table 2: Household welfare and farm household level economic outcomes by CA set choice

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1 Pooled
Household welfare
Consumption per adult equivalent (ETB) 5267.3 4969.4*** 4857.7 4259.0*** 4466.2*** 3963.3*** 5002.1

(3781.9) (3629.7) (4128.7) (2664.9) (2839.4) (2742.5) (3627.3)
Poverty headcount index 0.398 0.436*** 0.529*** 0.533*** 0.483** 0.583*** 0.433

(0.489) (0.496) (0.502) (0.500) (0.501) (0.494) (0.496)
Poverty gap index 0.124 0.149*** 0.210 *** 0.192*** 0.165*** 0.237*** 0.146

(0.198) (0.218) (0.252) (0.247) (0.224) (0.263) (0.216)
Poverty severity index 0.054 0.070*** 0.107*** 0.097*** 0.078*** 0.125*** 0.068

(0.114) (0.131) (0.161) (0.162) (0.134) (0.177) (0.130)
Farm level outcomes - mechanisms
Net crop income per hectare (ETB) 8200.6 7327.4*** 9240.6 9089.3 8269.0 6423.7*** 7729.6

(10133.9) (9078.6) (9255.9) (8925.3) (9745.1) (7304.3) (9428.9)
Crop production costs per hectare (ETB) 1128.9 802.4*** 985.5 *** 687.2*** 832.6 681.9*** 919.0

(1643.2) (1290.8) (1103.4) (922.2) (916.7) (1143.5) (1410.9)
Crop failure (1=Yes) 0.787 0.772 0.894*** 0.894 *** 0.838* 0.885*** 0.794

(0.409) (0.420) (0.309) (0.308) (0.369) (0.320) (0.405)
Observations 2,664 2,543 104 180 230 338 6,059

Note: T, R and C refer to Minimum tillage, crop residue retention and cereal-legume intercropping respectively. The

subscripts ’0’ and ’1’ denote use and non use, respectively. ETB is Ethiopian Birr. Mean differences are based on the

no CA category as a reference. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2 shows that there is a considerable difference in crop income and cost of production per
hectare between CA and non CA households. The bivariate analysis shows that the average net
crop income per hectare ranges between 6,423.70 and 9,240.60 Ethiopian Birr (ETB). The per
hectare cost of production also ranges between 681.90 and 1,128.90 ETB. The result shows that
CA users have lower cost of production than non CA households. Cereal-legume intercropping
is the cheapest CA technology set followed by combination of minimum tillage and cereal-
legume intercropping. Households practicing almost all CA components report higher crop
failure compared to non CA households. While informative, results from mean comparison
across CA users and non-users helps less to infer causal relations due to differences in observable
and unobservable characteristics between the two groups.

5 Econometric Results

In this section, we first discuss the first stage results of the panel data endogenous switching
multinomial logit model which provides estimates for the determinants of CA adoption. This is
followed by discussion of the impact of CA on poverty and the farm level economic outcomes.

5.1 Drivers of CA use

The parameter estimates (marginal effects) of the first stage multinomial endogenous switching
regression which allow us to explore the main determinants of CA adoption are given in Table 11
(Appendix). The results provide information on the drivers of CA adoption. The Wald test result
(χ2 = 1612.35, significant at 1% level) suggests that the explanatory variables included in the
model provide a good explanation of CA choice behaviour. The Mundlak variables (individually
and jointly) are significant in the multinomial logit model. This indicates the presence of some
sort of unobserved heterogeneity and justifies the use of the pooled multinomial logit model with
farmer’s heterogeneity.

Household and farmer characteristics play a minimal role in determining CA use. Household
size (measured in adult equivalents) increases the probability of cereal-legume intercropping with
no significant effect on the other CA pillars. Land holding is found to be positively correlated
with the probability of crop residue retention and cereal-legume intercropping only. Access to
credit is positively associated with crop residue retention. In rural areas where crop residues are
one source of household income, credit access may relax liquidity constraint and allows retention
of crop residues as mulch. Age of the household head is negatively associated with adoption
of minimum tillage only. This could be attributed to impatience, risk aversion and technology
mistrust behaviour (Bezu et al., 2014; Verkaart et al., 2017). Arslan et al. (2014) also find a
negative correlation between age of the household head and conservation farming adoption in
Zambia. Agricultural asset wealth reduces the probability of crop residue retention but increases
the probability of adopting a combination of minimum tillage with cereal-legume associations.
This finding is consistent with that of Asfaw et al. (2016a) that also find a negative correlation
between agricultural asset wealth and crop residue retention in Niger. Surprisingly, we find
little evidence regarding the role of livestock holding on the probability of CA use. We find
no evidence for the role of gender and education of the household head in determining CA use
decision.

We explore the role of extension service or advice on crop production and natural resources
management in determining CA use. While increase in the quality of advice on crop produc-
tion reduces the probability of crop residue retention, advice on natural resources management
increases the use of both crop residue retention and conservation tillage. The positive and sig-
nificant effect on conservation tillage is corroborated by previous findings (Arslan et al., 2014; Di
Falco and Veronesi, 2013). The adoption of minimum tillage and the combination of minimum
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tillage with cereal-legume intercropping is positively associated with distance to the nearest
market. This could be due to the desire for food self-sufficiency, particularly in areas where
markets cannot be easily accessed. We find distance to the nearest major road to be negatively
associated with adoption of cereal-legume intercropping only. Since proximity to major road
is often associated with improved transportation and information, remote households may lack
information about the benefits of CA. CA use is negatively associated with input price increase.
This suggests that increase in price of agricultural inputs deters adoption of CA.

Farm characteristics and soil nutrient availability are also found to be important determi-
nants of CA use. Interestingly, farm households who face minimal soil nutrient constraints are
less likely to adopt minimum tillage. Furthermore, the adoption of crop residue retention and
conservation tillage is negatively correlated with the number of plots with good fertility. The
results suggest that households are more likely to adopt these CA practices as a strategy to
alleviate soil nutrient constraints. This finding is in line with results from previous studies (Di
Falco and Veronesi, 2013; Arslan et al., 2014; Asfaw et al., 2016a). The use of organic fertilizer
increases the probability of minimum tillage adoption but reduces the probability of adopting
conservation tillage. This could be possibly due to potential complementarity or substitutability
between organic fertilizer and CA practices.

Consistent with the literature, we find that most of the climatic variables have a significant
effect on CA choice. An increase in monthly temperature positively and significantly affects
all CA practices except conservation tillage. Although the rainfall level in the previous agri-
cultural season does not exert significant effect on CA adoption, an increase in the historical
average rainfall reduces the adoption of cereal-legume intercropping and conservation tillage.
More importantly, long-term rainfall variability measured using standard deviation increases
the probability of adoption of crop residue retention, cereal-legume intercropping and the com-
bination of minimum tillage with cereal-legume intercropping. This suggests that households
who receive higher annual rainfall do not have an incentive to adopt CA, an indication that CA
is an attractive strategy in times of rainfall stress. The statistical significance of the relationship
between the climatic variables and the adoption of CA suggests that CA could be a strategy
adopted by farmers in response to climatic variability (Di Falco and Veronesi, 2013; Arslan et al.,
2014; Teklewold and Mekonnen, 2017).

5.2 Impacts of CA on Poverty

We estimate the impact of CA on three household poverty indices: headcount, poverty gap, and
poverty severity. Results from the econometric models show that some of the time averages, the
selection correction terms, and interaction of the selection bias correction terms with time are
significant in most of the outcome equations. This is an indication of the presence of selection
bias and unobserved heterogeneity in the CA use decisions. It also justifies the appropriateness
of the selected empirical strategy to attenuate endogeneity. Since the interest is on the impact
estimates of CA on poverty, the second stage outcome regressions are not discussed here. The
second stage regressions estimates for the three poverty indices are provided in the Appendix
(see Tables 12, 13 and 14). Table 3 provides the actual and counterfactual outcomes and
the treatment effect estimates (ATT) from the panel data multinomial endogenous switching
regression.

18



Table 3: Impact of CA on household poverty

CA
set

Poverty headcount Poverty gap Poverty severity

A C ATT (A-C) A C ATT(A-C) A C ATT(A-C)

Minimum tillage 0.436 0.439 -0.004 0.149 0.154 -0.005* 0.070 0.075 -0.005***
Crop residue retention 0.529 0.388 0.141** 0.210 0.153 0.057** 0.107 0.067 0.040**
Cereal-legume intercropping 0.533 0.598 -0.065* 0.192 0.230 -0.038* 0.097 0.123 -0.026*
Min. tillage & crop residue 0.483 0.408 0.075*** 0.165 0.149 0.018* 0.078 0.067 0.010*
Min. tillage & cereal-legume 0.580 0.783 -0.203*** 0.237 0.334 -0.097*** 0.125 0.175 -0.050***

Note: We report actual outcome with CA (A), counterfactual outcome without CA scenario (C) and difference in

actual and counterfactual outcomes as impact (ATT). We do not report standard errors to save space. *p < 0.10,

**p < 0.05, ***p < 0.01.

Estimates from the panel data endogenous switching regression show that minimum tillage
individually does not exert any significant effect on poverty headcount. However, crop residue
retention increases the probability of being poor. Cereal-legume intercropping reduces the prob-
ability that a household falls below the national poverty line by 6.5 percentage points. The
combined use of minimum tillage and crop residue retention, also known as conservation tillage,
also increases the probability of being poor by about 7.5 percentage points. An interesting find-
ing is that, the combined use of minimum tillage with cereal-legume intercropping reduces the
probability of being poor by 20.3 percentage points. The findings show that CA indeed has a
poverty-reducing effect. However, this role depends on the type of CA practice.

Table 3 also provides evidence on the link between CA and other poverty indices. An
interesting result is the significant effect of minimum tillage in reducing both poverty gap and
poverty severity. However, crop residue retention and the combination of crop residue retention
and minimum tillage appear to be least attractive options for reducing poverty gap and poverty
severity in Ethiopia. Cereal-legume intercropping and more importantly the combination of
minimum tillage with cereal-legume intercropping unambiguously reduce both poverty gap and
poverty severity. The totality of our findings suggests that having crop residues in the CA
technology set is less likely to help households grow out of poverty at least in the short run.

Studies from SSA emphasize that the benefits of CA are context specific (Giller et al., 2009;
Pannell et al., 2014; Arslan et al., 2015). Pannell et al. (2014) argue that CA would be more
attractive to households with better resource endowments and with longer planning horizons or
lower discount rates. There is also a possibility that some households are positioned well and
have the capacity to benefit from the CA while others do not (Dercon and Christiaensen, 2011;
Verkaart et al., 2017). In this study, we test whether CA generates differential effect on poverty
for households with different resource endowments and exposure to rainfall shocks (Table 4).
Differences in resource endowments determines differences in risk tolerance and the opportunity
cost of climate risk for households (Hansen et al., 2018). Analyzing the differential impacts of
CA based on differences in exposure to rainfall endowment (rainfall stress or rainfall shortage
and rainfall abundant or rainfall surplus) could help to explain whether CA reduces rural poverty
through its resilience benefits.9

9We follow Ward and Shively (2015) and Michler et al. (2018) to measure rainfall shock. We construct

rainfall shortage as: rit =
∣∣∣Rit−R̄i

σit

∣∣∣ if Rit < R̄i, 0 otherwise. A measure of rainfall surplus is computed as:

r̄it =
∣∣∣Rit−R̄i

σit

∣∣∣ if Rit > R̄i, 0 otherwise.Rit is the yearly rainfall, R̄i is the historical average (1981-2014), and σit

is the standard deviation of rainfall during the same period.
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Table 4: Effects of CA on poverty headcount by rainfall and household wealth

CA
set

Rainfall shock Livestock holding Land holding

shortage surplus poor non-poor poor non-poor

Minimum tillage -0.022*** 0.013 -0.012 0.003 0.002 0.008
Crop residue retention 0.104 0.202 0.100 0.147* 0.032 0.216***
Cereal-legume intercropping -0.061 -0.070 -0.098 -0.081* -0.184* 0.048
Min. tillage & crop residue 0.031 0.189*** -0.019 0.127*** 0.039 0.108***
Min. tillage & cereal-legume -0.206*** -0.196*** -0.196*** -0.206*** -0.280*** - 0.095***

Observations 3,914 2,188 1,971 4,131 1,924 4,178

Note: We report only the ATT (difference in actual outcome and counterfactual outcome) to save space. Livestock

and land poor are households with livestock holdings (in TLU) and land holdings (hectares) in the lowest (first)

quartile of the distribution and non-poor are those with livestock holdings and land holdings in the second, third

and fourth quartiles; *p < 0.10, **p < 0.05, ***p < 0.01.

The results disaggregated by rainfall endowments show that the poverty-reducing effects
of CA, particularly minimum tillage, are more pronounced in areas that experience rainfall
shortage than in areas that have abundant rainfall. The combination of minimum tillage and
cereal-legume intercropping reduces poverty regardless of differences in rainfall endowments.
The results are in compliance with findings from previous studies (Lobell et al., 2008; El-Shater
et al., 2016). Teklewold and Mekonnen (2017) also show that reduced tillage provides higher farm
returns in drier areas in Ethiopia. While crop residue retention and cereal-legume intercropping
alone do not have any significant effect on household poverty in areas with different rainfall
endowments, the combined use of minimum tillage and crop residue retention increases the
probability of being poor in areas experiencing rainfall surplus. This is an indication that
conservation tillage is not an attractive CA option in these areas and this could be due to
potential yield penalty (Michler et al., 2018). Pannell et al. (2014) also indicate the possible
cases of short-term yield depression associated with the use of reduced tillage and mulching.

Disaggregating the results by different wealth (land and livestock holding) groups provides
some interesting findings. As expected, crop residue retention and conservation tillage do not
increase the likelihood of being poor for households with low livestock and land holdings (those
at the lowest quartiles). However, it increases the probability of falling below the poverty line
for households with more livestock and land holdings. This is evidence that relatively rich
households do not have an incentive either to leave crop residues as mulch on their farms or to
combine minimum tillage with crop residue retention. We find that cereal-legume intercropping
has marginal poverty-reducing effect among livestock non-poor and land-poor households. This
latter result is interesting because cereal-legume intercropping is itself a land-saving practice in
land-constrained circumstances. The results show that this CA pillar has significant poverty
reducing effects for households with land holdings at the lowest quartile (poor households)
compared to richer households. The unambiguously negative and significant poverty reducing
effect of the combination of minimum tillage with cereal-legume intercropping makes it the
most attractive CA option for reducing rural poverty and hence improving rural prosperity in
Ethiopia.

5.3 Impact Pathways

To elucidate the potential mechanisms through which CA affects poverty, in the following section,
we empirically explore if CA also has significant effect on crop income, cost of production and
risk of crop failure.
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5.3.1 Farm productivity effects of CA

The estimates of the multinomial endogenous switching regression model for farm productivity
measured as net crop income per hectare is provided in Table 5. The results show that minimum
tillage increases net crop income per hectare by about 2,724 Ethiopian Birr (ETB). While
crop residue retention reduces the per hectare crop income by about 5,024 ETB, cereal-legume
intercropping alone or conservation tillage do not have any significant effect on crop income.

Table 5: Impact of CA on crop income per hectare

CA set Actual Counterfactual Impact
Outcome Outcome (ATT)

Minimum tillage 7,528.15 4,804.19 2,723.96***(162.62)
Crop residue retention 9,781.43 14,804.94 -5,023.51***(1432.79)
Cereal-legume intercropping 9,160.04 9,366.14 -206.11(670.59)
Minimum tillage & crop residue 8,559.12 8,640.52 -81.40 (640.49)
Minimum tillage & cereal-legume 6,418.52 1,210.90 5,207.62*** (847.61)

Note: ATT stands for average treatment effect on the treated and computed as the difference in actual and

counterfactual outcomes. We do not report standard errors for actual and counterfactual outcomes to save space.

*p < 0.10, **p < 0.05, ***p < 0.01.

Interestingly, we find that CA generates higher farm productivity benefits when minimum
tillage is used in combination with cereal-legume intercropping, increasing the average crop
income by about 5,208 ETB per hectare for users compared to the counterfactual scenario of
non use. The significant farm productivity or crop income effects of CA are consistent with
the findings of previous studies (Jaleta et al., 2016; Khonje et al., 2018). Farris et al. (2017)
also demonstrate that CA reduces poverty in Uganda by increasing farm profits for the poor
households. Recently, Khonje et al. (2018) find that CA increases maize yield, maize income and
household income in Zambia when adopted in isolation as well as in combination with improved
seeds. Our finding is also in agreement with previous studies that document the positive welfare
impact of minimum tillage and cereal-legume intercropping (Mason and Smale, 2013; Zeng et al.,
2015).

5.3.2 Impact of CA on cost of production

The estimates for the impact of CA on the cost of production are provided in Table 6. With
the exception of crop residue retention, we find that all CA practices (when used in isolation)
and a combination of minimum tillage with crop residue and cereal-legume intercropping have
significant production cost reducing effects. Part of the reason for the significant cost-reducing
effects of minimum tillage could be its labor demand reducing effect (Knowler and Bradshaw,
2007; Teklewold et al., 2013; Teklewold and Mekonnen, 2017). Cereal-legume intercropping
also plays a pivotal role in the control of crop pests, diseases and weeds, and legumes also
provide nitrogen to cereal crop production through their nitrogen-fixing role. Thus, cereal-
legume intercropping could reduce the demand for pesticides and chemical fertilizer, inputs that
often contribute the highest costs of crop production (Teklewold et al., 2013; Kassie et al.,
2017). Nevertheless, crop residue retention involves costs for herbicides and labor for weed
control, particularly when combined with minimum tillage.
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Table 6: Impact of CA on cost of production

CA set Actual Counterfactual Impact
Outcome Outcome (ATT)

Minimum tillage 803.46 1,288.25 -484.79*** (19.03)
Crop residue retention 985.45 815.38 170.08 (157.43)
Cereal-legume intercropping 687.18 1,454.38 -767.20*** (146.07)
Minimum tillage & crop residue 832.56 998.06 -165.50*** (44.43)
Min. tillage & cereal-legume intercropping 683.11 1,092.10 -409.00*** (49.83)

Note: ATT stands for average treatment effect on the treated and computed as the difference in actual and

counterfactual outcomes. We do not report standard errors for actual and counterfactual outcomes to save space.

* p < 0.10, ** p < 0.05, *** p < 0.01.

The lack of significant effect of crop residue retention on the cost of production (although
not expected as discussed in Pannell et al. (2014)), coupled with its negative impact on crop
income, could explain why it is not an attractive strategy for reducing rural poverty at least in
the short run.

5.3.3 Impact of CA on risk of crop failure

In areas plagued by low rainfall and poor soil fertility that increase the level of environmental
stress, CA can improve the adaptive capacity or resilience of households through reducing the
risk of crop failure (Di Falco and Chavas, 2008). We find that the adoption of minimum tillage
in isolation reduces the probability of crop failure by 1.6 percentage points compared to the
counterfactual scenario. However, crop residue retention, cereal-legume intercropping and con-
servation tillage have no significant impact on the probability of crop failure. The results show
that the combination of minimum tillage and cereal-legume intercropping has the highest impact
on reducing the risk of crop failure (6.2 percentage points). Previous studies also demonstrate
that the risk-reducing (and other) benefits of CA are mainly driven by cereal-legume inter-
cropping and the interaction of minimum tillage with cereal-legume associations (Thierfelder
et al., 2013; Kassie et al., 2015; Arslan et al., 2015).

Table 7: Impact of CA on risk of crop failure

CA components Actual Counterfactual Impact
Outcome Outcome (ATT)

Minimum tillage 0.773 0.789 -0.016***
Crop residue retention 0.894 0.882 0.012
Cereal-legume intercropping 0.894 0.906 -0.011
Minimum tillage & crop residue 0.838 0.815 0.023
Minimum tillage & cereal-legume intercropping 0.887 0.949 -0.062***

Note: ATT stands for average treatment effect on the treated and computed as the difference in actual and

counterfactual outcomes. We do not report standard errors for actual and counterfactual outcomes to save space.

* p < 0.10, ** p < 0.05, *** p < 0.01.

Overall, the results strongly suggest that the main mechanisms for poverty-reducing effects
of CA (particularly minimum tillage, cereal-legume intercropping or their combination) could
be increased crop income, reduced cost of production and reduction of the risk of crop failure.

6 Conclusion

Climate-induced shocks are common occurrences in developing countries with negative conse-
quences on the welfare and adaptive capacity of rural households. Conservation agriculture
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(CA) is one of the climate smart agricultural practices receiving increasing attention in SSA as
a panacea to the problems associated with conventional agriculture. In an environment char-
acterized by repeated exposure to exogenous shocks and poor soils, CA could be an effective
strategy for reducing the risk of crop failure associated with climatic factors, improving soil
fertility and increasing household welfare. Using recent panel data from Ethiopia and historical
weather data, this study assesses the impact of CA on household poverty. A multinomial en-
dogenous switching regression model in a panel data framework is used to control for potential
selection bias and endogeneity of the choice to use CA.

This study provides up-to-date evidence on the drivers of CA use in Ethiopia and the po-
tential incentives for its wider scale adoption. We find evidence that the use of CA in Ethiopia
is generally low, uneven and unstable. Surprisingly, the use of a combination of CA practices is
rare. Among the strongest determinants of CA choice are climatic factors (rainfall and tempera-
ture), soil nutrient constraints, and the enabling environment (such as proximity to markets and
extension service). The study provides evidence that a shift away from conventional farming
to the increased use of CA can potentially reduce the incidence and depth of rural poverty.
Minimum tillage, the most prevalent component of CA, has an attractive welfare benefit when
used either alone or in combination with cereal-legume intercropping. However, our study finds
that crop residue retention and its combined use with minimum tillage is not an attractive CA
option for reducing rural poverty. This latter finding may explain why there is low uptake of
some of the CA practices in Ethiopia in particular and in SSA at large. Disaggregating the
results by rainfall and wealth endowments, we find evidence that minimum tillage and its com-
bined use with cereal-legume intercropping have poverty-reducing benefits in areas experiencing
rainfall stress and for households in the lowest quartile of land holding distribution. This is an
indication that CA insulates households from welfare risk in less-favored areas prone to climate
shocks and for resource poor households. Crop residue retention and conservation tillage in-
crease the probability of being poor, particularly for relatively rich households. The results also
show that CA practices that reduce rural poverty are those that increase crop income, reduce
the cost of production and mitigate the risk of crop failure. Overall, combined use of minimum
tillage and cereal-legume intercropping is the most attractive agronomic practice that could be
adopted by farmers as an ex-ante strategy to improve agricultural performance, reduce exposure
to production risks and improve household welfare.

While the study provides evidence that can be used to promote the wider scale adoption of
CA, the policy question is how to make CA work for the poor. Looking at the effects of CA across
different subgroups of farmers, we separate out farm households and specific CA practices that
should be targeted by policy interventions. Our findings suggest the need to target promotion
of CA practices that generate higher poverty reduction benefits than a rigid recommendation.
From a policy perspective, alleviating the barriers to the adoption of CA requires improving
access to knowledge and information about CA. Since the agricultural extension system is the
common channel through which technologies such as CA reach the wider community, there is
a need for building the capacity of CA implementing agencies, mainly the extension services.
Moreover, there is a need for creating knowledge platforms where farmers could learn about the
benefits of CA that are appropriate to their local conditions. If climate-smart practices such
as CA are to work for the poor, development and climate finance programs need to shift their
focus towards improving the incentives for resource-poor smallholder farmers to invest in CA
practices that hold the potential for improving farm productivity, resilience and reduce rural
poverty.

Although the findings in this chapter are informative and stimulate further studies, lack of
data has been a constraint to increasing the rigor of the study. This stems from the fact that the
LSMS-ISA is a multi-purpose survey and finding detail information on CA is difficult. The other
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caveat of the study primarily emanates from a limitation on the way CA use is measured. In our
study, CA is an indicator variable that differentiates whether a household practices any of the
three CA practices (minimum tillage, crop residue retention, or cereal-legume intercropping) or
a mix of them. However, this measure might capture only partial CA use and does not measure
the intensity of CA use. The analysis presented in this paper is based on short panel which does
not allow investigating the variation in CA use and its welfare impact in detail. With this caveat
in mind, further research using detailed panel data is suggested to provide better evidence on
the topic and to improve our understanding of the viability of CA and its welfare impact. In
semi-subsistence agricultural production system where farm households are both producer and
consumer of their produce, improved agricultural practices such as CA would have both direct
and indirect effects. In particular, CA can have effects that transcend the individual (private)
decision maker. While we attempt to explore the direct effect of CA on poverty, future research
is needed to capture its indirect (and societal) effects to provide a better picture of the aggregate
or net effects.
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7 Appendix

Table 8: Proportions of households practicing CA (%)

CA technology set 2013 2015 Pooled
Minimum tillage 0.595 0.432*** 0.514

(0.491) (0.495) (0.500)
Crop residue or mulch 0.035 0.089*** 0.062

(0.184) (0.285) (0.241)
Cereal-legume intercropping 0.107 0.097 0.102

(0.310) (0.296) (0.303)
Minimum tillage & crop residue 0.023 0.061*** 0.042

(0.150) (0.240) (0.201)
Minimum tillage & cereal-legume 0.066 0.054** 0.060

(0.248) (0.225) (0.237)
Crop residue & cereal-legume 0.004 0.010*** 0.007

(0.065) (0.099) (0.084)
Min. tillage, crop residue & cereal-legume 0.002 0.007*** 0.004

(0.044) (0.083) (0.066)

Note: Standard deviations in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01. Proportion (mean) difference
tests are based on 2013 as a reference. The CA sets are not mutually exclusive. The sample size is 3075 and 3027
for 2013 and 2015 respectively.

Table 9: Transitions in CA use over the sample periods 2013 and 2015 (%)

CA practices Stayers Leavers Joiners Nonusers

Minimum tillage 32.1 27.0 11.8 29.1
Crop residue retention 0.3 2.8 8.8 88.1
Cereal-legume intercrop 3.3 6.6 5.2 84.9
Min. tillage & crop residue 0.1 1.7 6.3 91.9
Min. tillage & cereal-legume intercropping 1.8 5.0 3.4 89.9
Crop residue & cereal-legume intercropping 0.0 0.4 1.0 98.6
Comprehensive CA package (all 3 practices) 0.0 0.2 0.7 99.1

Note: Results are based on a balanced sample of 5630 households (2815 in each period).

Table 10: Household characteristics by CA sets

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1 Pooled

Household size (adult equivalent) 3.949 4.245 4.805 4.675 4.255 4.368 4.144
(1.954) (1.839) (2.180) (1.925) (1.924) (1.876) (1.914)

Male headed 0.712 0.782 0.788 0.833 0.800 0.802 0.755
(0.453) (0.413) (0.410) (0.374) (0.401) (0.399) (0.430)

Age of head (years) 47.92 46.64 47.63 48.68 48.24 46.35 47.33
(15.76) (14.65) (14.47) (14.58) (15.08) (14.78) (15.18)

Head education (1=primary or less) 0.248 0.291 0.346 0.228 0.252 0.257 0.268
(0.432) (0.454) (0.478) (0.421) (0.435) (0.438) (0.443)

Agricultural asset wealth (index) 0.198 0.612 0.445 0.699 0.688 0.573 0.430
(1.216) (1.027) (1.196) (0.982) (1.034) (1.036) (1.135)

Livestock holdings (TLU) 3.835 3.803 3.654 4.614 3.812 2.919 3.790
(5.404) (4.759) (3.648) (7.963) (4.717) (3.024) (5.085)

Land size (hectares) 1.281 1.740 1.618 1.702 1.502 1.541 1.515
(4.334) (8.780) (2.800) (2.231) (3.152) (4.869) (6.529)

Credit access (1=Yes) 0.165 0.191 0.308 0.194 0.187 0.169 0.180

(table continued on next page)
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Table 10 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1 Pooled

(0.371) (0.393) (0.464) (0.397) (0.391) (0.375) (0.384)
Distance to road (Km) 16.99 16.73 13.75 14.86 15.13 19.45 16.83

(27.20) (18.86) (11.86) (13.22) (14.50) (15.94) (22.47)
Distance to market (Km) 62.22 66.15 70.05 81.55 69.50 88.71 66.33

(48.74) (48.41) (46.65) (69.45) (45.67) (67.69) (50.83)
Inorganic fertilizer (1=Yes) 0.444 0.467 0.538 0.506 0.509 0.438 0.459

(0.497) (0.499) (0.501) (0.501) (0.501) (0.497) (0.498)
Organic fertilizer (1=Yes) 0.480 0.608 0.769 0.672 0.587 0.648 0.558

(0.500) (0.488) (0.423) (0.471) (0.493) (0.478) (0.497)
Advice on crop production 0.629 0.689 0.760 0.678 0.743 0.754 0.669

(0.483) (0.463) (0.429) (0.469) (0.438) (0.431) (0.471)
Advice on NRM 0.643 0.715 0.846 0.728 0.700 0.825 0.691

(0.479) (0.452) (0.363) (0.446) (0.459) (0.380) (0.462)
No soil nutrient constraint 0.728 0.566 0.740 0.728 0.674 0.615 0.652

(0.445) (0.496) (0.441) (0.446) (0.470) (0.487) (0.476)
Good quality soil plots 1.048 1.286 1.067 1.311 0.965 1.370 1.171

(1.581) (1.681) (1.503) (1.565) (1.450) (1.602) (1.623)
Poor soil quality plots 0.559 0.766 0.615 1.006 0.743 0.867 0.684

(1.163) (1.573) (1.225) (1.388) (1.354) (1.440) (1.384)
Price rise of farm inputs 0.129 0.0991 0.212 0.178 0.148 0.0769 0.117

(0.335) (0.299) (0.410) (0.383) (0.356) (0.267) (0.321)
Mean temperature 19.38 19.52 19.08 19.65 18.98 19.85 19.45

(3.796) (3.538) (2.875) (2.055) (3.288) (2.371) (3.549)
Rainfall previous year 733.0 930.5 806.6 708.1 857.4 817.6 825.9

(361.7) (380.4) (267.7) (303.8) (359.2) (328.5) (376.7)
Average historical rainfall 687.9 844.2 769.5 642.9 815.4 732.5 760.9

(342.9) (348.5) (274.6) (267.8) (325.0) (316.7) (348.5)
Std. dev. of rainfall 99.55 105.0 106.7 100.6 107.1 102.4 102.4

(36.02) (32.85) (25.71) (32.71) (29.56) (30.06) (34.01)

Observations 2,664 2,543 104 180 230 338 6,059

Note: T, R and C refer to minimum tillage, crop residue retention and cereal-legume
intercropping; The subscripts ’0’ and ’1’ denote use and non use, respectively. NRM is
Natural Resources Management; Mean coefficients; Std. dev. in parentheses.
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Table 11: Drivers of CA use: Marginal effects

T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size -0.007 0.002 0.009** -0.004 0.002
(0.011) (0.003) (0.004) (0.005) (0.006)

Male headed 0.028 -0.003 -0.029 -0.033 -0.025
(0.065) (0.019) (0.025) (0.026) (0.034)

Age of head -0.003* 0.001 0.000 -0.000 -0.000
(0.002) (0.001) (0.001) (0.001) (0.001)

Head education 0.016 -0.015* 0.016 0.012 0.012
(0.034) (0.009) (0.013) (0.014) (0.016)

Agricultural asset wealth -0.006 -0.007** 0.002 0.009* 0.001
(0.011) (0.003) (0.004) (0.005) (0.005)

Credit access -0.013 0.014** 0.011 0.004 -0.005
(0.026) (0.007) (0.009) (0.010) (0.012)

Livestock holdings (log) 0.004 0.000 -0.001 0.003 0.002
(0.006) (0.002) (0.002) (0.002) (0.003)

Land size (log) 0.006 0.008** 0.008* 0.001 0.006
(0.012) (0.004) (0.005) (0.005) (0.006)

Advice on crop production 0.010 -0.014* -0.000 -0.004 -0.011
(0.028) (0.008) (0.010) (0.012) (0.014)

Advice on NRM 0.004 0.027*** -0.011 0.021* 0.002
(0.031) (0.010) (0.012) (0.013) (0.017)

Distance to road -0.000 -0.000 -0.000** -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

Distance to market 0.001*** -0.000 0.000 0.000 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000)

No soil nutrient constraint -0.080*** 0.008* -0.007 0.006 -0.001
(0.014) (0.005) (0.006) (0.006) (0.007)

Good quality soil plots 0.010 -0.004* -0.001 -0.008*** 0.002
(0.007) (0.002) (0.002) (0.003) (0.003)

Poor soil quality plots -0.000 0.001 0.002 0.011*** -0.001
(0.008) (0.003) (0.003) (0.004) (0.004)

Organic fertilizer 0.086*** 0.006 -0.003 -0.034*** 0.013
(0.026) (0.008) (0.009) (0.011) (0.012)

Price rise of farm inputs -0.042 0.011 0.015 -0.017 -0.018
(0.028) (0.008) (0.010) (0.011) (0.015)

Mean temperature 0.005** 0.001* 0.004*** -0.001 0.005***
(0.002) (0.001) (0.001) (0.001) (0.001)

Rainfall previous year 0.000 -0.000 -0.000 -0.000 0.000*
(0.000) (0.000) (0.000) (0.000) (0.000)

Average rainfall 0.000 -0.000 -0.000*** -0.000*** -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

Std. dev. of rainfall -0.000 0.000** 0.000* 0.000 0.000**
(0.000) (0.000) (0.000) (0.000) (0.000)

Year (=2015/16) -0.149*** 0.014** -0.004 0.031*** 0.003
(0.022) (0.007) (0.009) (0.010) (0.011)

Region dummies Yes Yes Yes Yes Yes
Mundlak variables (χ2) 36.13*** 13.92 27.13** 61.80*** 24.68*
Wald χ2 1612.35***
LR χ2 2194.91***
Pseudo R2 0.153
Observations 6,048

Note: T, R and C refer to minimum tillage, crop residue retention and cereal-legume

intercropping; The subscripts ’0’ and ’1’ denote non use and use, respectively.

Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 12: Poverty headcount equation estimates

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size 0.083*** 0.074*** 0.244* 0.053 -0.060 0.056
(0.016) (0.016) (0.126) (0.142) (0.064) (0.059)

Male headed -0.008 0.134 0.139 -0.497 0.089 -0.089
(0.091) (0.110) (0.183) (0.484) (0.406) (0.296)

Age of head -0.004 -0.005 0.010 0.006 -0.027* 0.004
(0.003) (0.004) (0.041) (0.012) (0.014) (0.009)

Head education -0.029 -0.089* 0.232 -0.015 0.386* -0.101
(0.050) (0.051) (0.350) (0.384) (0.230) (0.167)

Agricultural asset wealth -0.014 -0.026 -0.068 -0.105 0.047 0.004
(0.017) (0.017) (0.198) (0.078) (0.079) (0.054)

Credit access (1=Yes) 0.007 -0.072* 0.025 -0.067 -0.045 0.027
(0.042) (0.041) (0.382) (0.256) (0.166) (0.124)

Livestock holdings (log) -0.002 0.008 0.076 0.034 -0.068* -0.036
(0.008) (0.008) (0.055) (0.042) (0.038) (0.030)

Land size (log) 0.006 -0.007 -0.076 -0.051 0.047 0.065
(0.015) (0.023) (0.230) (0.111) (0.103) (0.081)

Distance to road -0.000 -0.002** 0.007 0.002 -0.002 -0.001
(0.000) (0.001) (0.009) (0.005) (0.003) (0.002)

Distance to market 0.001*** 0.001*** 0.003** 0.001 0.002** 0.003**
(0.000) (0.000) (0.002) (0.002) (0.001) (0.001)

No soil nutrient constraint -0.062** -0.069** 0.114 0.098 -0.038 -0.035
(0.026) (0.028) (0.215) (0.137) (0.107) (0.091)

Good quality soil plots 0.005 -0.011 -0.011 -0.064 0.037 0.021
(0.010) (0.011) (0.102) (0.043) (0.049) (0.032)

Poor soil quality plots 0.011 -0.008 0.072 -0.051 -0.010 -0.042
(0.015) (0.013) (0.103) (0.065) (0.071) (0.039)

Organic fertilizer 0.105** -0.037 -0.405 0.138 -0.151 0.065
(0.045) (0.044) (0.273) (0.157) (0.171) (0.103)

Price rise of farm inputs -0.014 -0.042 0.332 -0.190 0.081 -0.002
(0.044) (0.046) (0.362) (0.233) (0.181) (0.139)

Mean temperature 0.011** 0.027*** -0.035 0.024 -0.007 0.035**
(0.005) (0.004) (0.035) (0.038) (0.016) (0.017)

Rainfall previous year 0.000 -0.000 -0.001 -0.000 -0.000 -0.001
(0.000) (0.000) (0.002) (0.001) (0.001) (0.001)

Average rainfall -0.001*** 0.000 -0.003 0.002 -0.001 0.000
(0.000) (0.000) (0.003) (0.002) (0.001) (0.001)

Std. dev. of rainfall -0.000 0.001** 0.002 0.000 0.000 0.000
(0.000) (0.001) (0.006) (0.004) (0.002) (0.002)

Mundlak variables 21.88* 24.30** 19.08* 9.46 27.35 *** 12.86
Year (=2015/16) -0.018 -0.080 -1.327 0.289 -0.409 -0.077

(0.048) (0.082) (1.475) (0.469) (0.656) (0.269)
IMR -0.397*** 0.287* -0.424 -0.090 0.026 0.409*

(0.111) (0.150) (0.792) (0.661) (0.313) (0.244)
IMR X Year 0.045 0.032 0.487 -0.202 0.299 0.014

(0.054) (0.077) (0.539) (0.216) (0.294) (0.147)
Constant -0.134 -1.045*** 1.223 -0.613 -0.578 -1.490*

(0.115) (0.238) (2.895) (2.419) (0.824) (0.892)
Region Yes Yes Yes Yes Yes Yes
Observations 2661 2537 104 180 230 336
Replications 500 500 500 500 500 500

Note: T, R and C refer to minimum tillage, crop residue retention and cereal-legume intercropping.

The subscripts ’0’ and ’1’ denote use and non use, respectively. Bootstrapped robust standard errors in

parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 13: Poverty gap equation estimates

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size 0.036*** 0.031*** 0.042 0.053 0.005 0.033
(0.007) (0.007) (0.072) (0.062) (0.024) (0.028)

Male headed -0.023 0.055 0.132 -0.314 0.008 -0.098
(0.036) (0.048) (0.089) (0.224) (0.267) (0.162)

Age of head -0.001 -0.003 0.006 -0.000 -0.010 0.001
(0.001) (0.002) (0.022) (0.008) (0.007) (0.004)

Head education -0.020 -0.041* 0.141 -0.011 0.051 -0.050
(0.019) (0.022) (0.175) (0.200) (0.102) (0.080)

Agricultural asset wealth 0.001 -0.019** -0.036 0.008 0.024 -0.028
(0.007) (0.008) (0.083) (0.035) (0.037) (0.027)

Credit access 0.005 -0.037** 0.090 -0.043 -0.036 -0.015
(0.016) (0.017) (0.191) (0.104) (0.070) (0.060)

Livestock holdings (log) -0.001 -0.004 0.026 0.019 -0.005 -0.019
(0.003) (0.004) (0.025) (0.019) (0.012) (0.015)

Land size (log) -0.001 -0.010 -0.029 0.005 0.000 -0.026
(0.006) (0.010) (0.099) (0.053) (0.043) (0.042)

Distance to road -0.000* -0.001*** -0.001 -0.005** 0.000 -0.002**
(0.000) (0.000) (0.004) (0.002) (0.001) (0.001)

Distance to market 0.001*** 0.001*** 0.003*** 0.001** 0.001*** 0.002***
(0.000) (0.000) (0.001) (0.001) (0.000) (0.001)

No soil nutrient constraint -0.015 -0.018 0.014 0.034 -0.048 -0.046
(0.011) (0.013) (0.118) (0.056) (0.051) (0.048)

Good quality soil plots 0.003 -0.005 -0.055 -0.028 0.014 0.012
(0.004) (0.004) (0.048) (0.021) (0.022) (0.014)

Poor soil quality plots 0.001 -0.000 0.046 -0.010 -0.019 -0.021
(0.005) (0.005) (0.044) (0.028) (0.036) (0.018)

Organic fertilizer 0.025 -0.001 -0.049 0.091 -0.040 0.031
(0.019) (0.019) (0.127) (0.083) (0.079) (0.051)

Price rise of farm inputs -0.010 -0.004 0.238 0.012 0.129* -0.041
(0.017) (0.021) (0.217) (0.112) (0.078) (0.068)

Mean temperature 0.003 0.009*** 0.010 0.029* 0.000 0.023***
(0.002) (0.002) (0.017) (0.018) (0.006) (0.009)

Rainfall previous year 0.000 -0.000 -0.001 -0.001* -0.000 -0.001*
(0.000) (0.000) (0.001) (0.001) (0.001) (0.000)

Average rainfall -0.001*** -0.000* -0.001 -0.000 -0.000 -0.000
(0.000) (0.000) (0.001) (0.001) (0.001) (0.000)

Std. dev. of rainfall 0.000 0.001*** 0.002 -0.000 0.000 -0.000
(0.000) (0.000) (0.003) (0.002) (0.001) (0.001)

Mundlak variables 34.81*** 20.04* 9.78 12.20 22.32* 17.44
Year (=2015/16) -0.002 -0.026 0.292 -0.062 -0.098 -0.170

(0.018) (0.034) (0.649) (0.242) (0.269) (0.118)
IMR -0.107** 0.066 0.127 0.324 -0.017 0.160

(0.045) (0.064) (0.382) (0.309) (0.144) (0.125)
IMR X Year 0.012 0.022 -0.134 -0.059 0.062 0.054

(0.022) (0.032) (0.241) (0.110) (0.124) (0.065)
Constant -0.144*** -0.389*** -1.046 -1.562 -0.330 -0.656

(0.046) (0.103) (1.401) (1.104) (0.377) (0.484)
Region Yes Yes Yes Yes Yes Yes
Observations 2661 2537 104 180 230 336
Replications 500 500 500 500 500 500

Note: T, R and C refer to minimum tillage, crop residue retention and cereal-legume intercropping.

The subscripts ’0’ and ’1’ denote use and non use, respectively. Standard errors in parentheses.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 14: Poverty severity equation estimates

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size 0.018*** 0.014*** -0.014 0.028 0.001 0.023
(0.004) (0.004) (0.047) (0.040) (0.016) (0.018)

Male headed -0.025 0.031 0.111** -0.125 -0.024 -0.079
(0.020) (0.028) (0.056) (0.148) (0.180) (0.108)

Age of head -0.001 -0.001 0.004 -0.002 -0.005 -0.001
(0.001) (0.001) (0.013) (0.006) (0.005) (0.003)

Head education -0.008 -0.030** 0.084 -0.026 0.030 -0.018
(0.011) (0.013) (0.115) (0.135) (0.068) (0.053)

Agricultural asset wealth 0.002 -0.013*** -0.015 0.018 0.015 -0.029
(0.004) (0.005) (0.051) (0.024) (0.023) (0.018)

Credit access 0.005 -0.016 0.057 -0.016 -0.024 -0.016
(0.009) (0.010) (0.116) (0.071) (0.044) (0.041)

Livestock holdings (log) -0.001 -0.003 0.012 0.007 0.003 -0.011
(0.002) (0.002) (0.016) (0.012) (0.007) (0.010)

Land size (log) -0.001 -0.006 -0.013 0.005 -0.006 -0.030
(0.003) (0.006) (0.063) (0.037) (0.025) (0.028)

Distance to road -0.000*** -0.001*** -0.002 -0.004*** 0.000 -0.002***
(0.000) (0.000) (0.003) (0.002) (0.001) (0.001)

Distance to market 0.000*** 0.001*** 0.002*** 0.001*** 0.001*** 0.001***
(0.000) (0.000) (0.001) (0.000) (0.000) (0.000)

No soil nutrient constraint -0.007 -0.009 0.012 0.022 -0.030 -0.031
(0.007) (0.008) (0.074) (0.035) (0.032) (0.032)

Good quality soil plots 0.001 -0.002 -0.040 -0.017 0.006 0.008
(0.002) (0.002) (0.029) (0.014) (0.013) (0.010)

Poor soil quality plots 0.001 0.000 0.026 -0.006 -0.009 -0.010
(0.003) (0.003) (0.028) (0.019) (0.023) (0.011)

Organic fertilizer 0.011 0.008 0.016 0.054 -0.026 0.011
(0.011) (0.012) (0.082) (0.058) (0.046) (0.034)

Price rise of farm inputs -0.007 -0.001 0.170 0.024 0.084* -0.026
(0.010) (0.013) (0.135) (0.075) (0.046) (0.048)

Mean temperature 0.001 0.005*** 0.016 0.026** 0.001 0.015**
(0.001) (0.001) (0.010) (0.012) (0.004) (0.006)

Rainfall previous year -0.000 -0.000 -0.001* -0.001** -0.000 -0.001*
(0.000) (0.000) (0.001) (0.000) (0.000) (0.000)

Average rainfall -0.000*** -0.000** -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.001) (0.001) (0.000) (0.000)

Std. dev. of rainfall 0.000 0.000*** 0.002 0.000 0.000 -0.001
(0.000) (0.000) (0.002) (0.001) (0.001) (0.001)

Mundlak variables 35.51*** 17.27* 8.56 11.01 20.92* 18.64
Year (=2015/16) 0.001 -0.017 0.349 -0.172 -0.030 -0.126

(0.010) (0.020) (0.407) (0.172) (0.166) (0.077)
IMR -0.048* 0.039 0.132 0.226 0.001 0.073

(0.026) (0.040) (0.253) (0.209) (0.088) (0.083)
IMR X Year 0.005 0.016 -0.165 0.010 0.016 0.038

(0.013) (0.019) (0.148) (0.075) (0.076) (0.042)
Constant -0.099*** -0.236*** -1.042 -1.217 -0.231 -0.349

(0.026) (0.063) (0.915) (0.745) (0.232) (0.340)
Region Yes Yes Yes Yes Yes Yes
Replications 500 500 500 500 500 500
Observations 2661 2537 104 180 230 336

Note: T, R and C refer to minimum tillage, crop residue retention and cereal-legume intercropping.

respectively. The subscripts ’0’ and ’1’ denote use and non use, respectively. Standard errors in

parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 15: Test on validity of the exclusion restrictions

Headcount Poverty gap Poverty severity Crop income Cost of production

Household size 0.084*** 0.036*** 0.018*** -204.738 167.740**
(0.016) (0.007) (0.004) (401.383) (65.221)

Male headed -0.016 -0.025 -0.026 -842.380 244.457
(0.091) (0.036) (0.020) (2098.199) (351.834)

Age of head -0.004 -0.002 -0.001 -31.352 -3.315
(0.003) (0.001) (0.001) (71.641) (12.083)

Head education -0.024 -0.017 -0.007 196.112 108.007
(0.050) (0.019) (0.011) (1280.250) (183.802)

Agricultural asset wealth -0.015 0.001 0.002 1074.997*** -25.573
(0.017) (0.007) (0.004) (390.275) (67.554)

Credit access 0.010 0.006 0.006 -647.760 -5.699
(0.042) (0.016) (0.009) (843.075) (101.707)

Livestock holdings (log) -0.001 -0.000 -0.001 56.411 -45.110
(0.007) (0.003) (0.002) (203.782) (41.087)

Land size (log) 0.007 0.000 0.000 -2499.535*** -375.621***
(0.015) (0.006) (0.003) (549.507) (94.438)

Distance to road -0.001 -0.000** -0.000*** -48.019*** -3.832
(0.001) (0.000) (0.000) (13.334) (2.448)

Distance to market 0.001*** 0.001*** 0.000*** 24.010** -4.700***
(0.000) (0.000) (0.000) (10.306) (1.610)

No soil nutrient constraint -0.073*** -0.019* -0.010 -1580.940* 116.820
(0.026) (0.011) (0.007) (831.162) (143.607)

Good quality soil plots 0.007 0.003 0.002 23.874 54.957
(0.010) (0.004) (0.002) (190.418) (37.039)

Poor soil quality plots 0.012 0.001 0.001 368.120 -27.896
(0.015) (0.005) (0.003) (243.071) (39.787)

Organic fertilizer 0.116** 0.029 0.013 1981.593* -313.412*
(0.046) (0.019) (0.011) (1099.641) (188.113)

Price rise of farm inputs -0.025 -0.015 -0.009 -2735.777*** -58.817
(0.045) (0.017) (0.010) (969.425) (140.826)

Mean temperature 0.013*** 0.003* 0.002* 114.359 -72.681***
(0.005) (0.002) (0.001) (150.997) (23.311)

Rainfall previous year 0.000* 0.000 -0.000 5.276 -0.712
(0.000) (0.000) (0.000) (4.947) (0.745)

Average rainfall -0.001*** -0.001*** -0.000*** -22.090*** 1.173
(0.000) (0.000) (0.000) (8.199) (1.132)

Std. dev. of rainfall -0.000 0.000 0.000 23.953** -1.483
(0.000) (0.000) (0.000) (11.159) (1.818)

Advice on crop production -0.003 0.001 -0.001 250.037 24.524
(0.041) (0.018) (0.010) (1009.637) (131.756)

Advice on NRM 0.046 0.008 0.004 -615.375 -27.581
(0.042) (0.019) (0.011) (1174.043) (155.809)

Mundlak variables Yes Yes Yes Yes Yes
Region Yes Yes Yes Yes Yes
Year (=2015/16) -0.021 -0.004 0.000 1891.546 1113.972***

(0.047) (0.018) (0.010) (1549.767) (245.520)
IMR -0.464*** -0.137*** -0.066** -1.03e+04** 1808.240***

(0.115) (0.046) (0.027) (4151.258) (621.299)
IMR X Year 0.039 0.008 0.003 -4855.596*** -732.104***

(0.056) (0.023) (0.013) (1471.708) (236.425)
Constant -0.162 -0.160*** -0.108*** -4470.747 1336.137***

(0.116) (0.047) (0.027) (3118.216) (495.460)

Observations 2,661 2,661 2,661 1,947 2,051

Note: Bootstrapped standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01
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Table 16: Impact of CA on poverty headcount, gap and severity

CA
set

Headcount Poverty gap Poverty severity

A C ATT (A-C) A C ATT(A-C) A C ATT(A-C)

T1R0C0 0.436 0.440 -0.004 0.149 0.154 -0.005* 0.069 0.075 -0.005***
T0R1C0/T0R1C1 0.517 0.328 0.189** 0.206 0.106 0.099*** 0.103 0.039 0.065***
T0R0C1 0.533 0.603 -0.070 0.192 0.233 -0.041* 0.097 0.124 -0.027*
T1R1C0/T1R1C1 0.494 0.413 0.081*** 0.172 0.138 0.033*** 0.080 0.058 0.022***
T1R0C1 0.580 0.784 -0.203*** 0.237 0.335 -0.098*** 0.125 0.176 -0.050***

Note: T, R and C refer to Minimum tillage, crop residue retention and cereal-legume intercropping respectively.
The subscripts ’0’ and ’1’ denote use and non use, respectively. We report actual outcome with CA (A), counter-
factual outcome without CA scenario (C) and difference in actual outcome and counterfactual outcome as impact
(ATT). We do not report standard errors to save space. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 17: Distributional effects of CA on poverty incidence (headcount) by rainfall and household
wealth

CA
set

Rainfall shock Livestock holding Land holding

shortage surplus poor better-off poor better-off

T1R0C0 -0.022*** 0.012 -0.013 0.003 0.001 0.008
T0R1C0/T0R1C1 0.147 0.264* 0.077 0.230** 0.136 0.230***
T0R0C1 -0.065 -0.078 -0.105* -0.085** -0.193* 0.045
T1R1C0/T1R1C1 0.043 0.185*** 0.018 0.115*** 0.063 0.094***
T1R0C1 -0.205*** -0.197*** -0.197*** -0.206*** -0.282*** -0.095***

Note: T, R and C refer to Minimum tillage, crop residue retention and cereal-legume intercropping respectively.

The subscripts ’0’ and ’1’ denote use and non use, respectively. We report only the ATT (difference in actual

outcome and counterfactual outcome) only. Standard errors are not reported to save space. Livestock and land

poor are households with livestock holdings (TLU) and land holdings (hectares) in the lowest (first) quartile of

the distribution and non-poor are those with livestock holdings and land holdings in the second, third and fourth

quartiles; *p < 0.10, **p < 0.05, ***p < 0.01.

Table 18: Impact of CA on crop income, production cost and risk of crop failure

CA
set

Crop income Production cost Crop failure

A C ATT (A-C) A C ATT(A-C) A C ATT(A-C)

T1R0C0 7524.60 4829.85 2694.75*** 803.46 1287.72 -484.26*** 0.773 0.788 -0.015***
T0R1C0/T0R1C1 9297.01 8198.18 1098.83 963.61 834.90 128.46 0.900 0.874 0.026
T0R0C1 8962.96 9005.80 -42.84 687.18 1460.30 -773.12*** 0.894 0.909 -0.015
T1R1C0/T1R1C1 8914.99 7835.11 1079.88* 836.75 997.90 -161.15*** 0.851 0.848 0.004
T1R0C1 6592.56 988.32 5604.23*** 683.11 1082.01 -398.91*** 0.887 0.950 -0.063***

Note: T, R and C refer to Minimum tillage, crop residue retention and cereal-legume intercropping respectively.

The subscripts ’0’ and ’1’ denote use and non use, respectively. We report actual outcome with CA (A), counter-

factual outcome without CA scenario (C) and difference in actual outcome and counterfactual outcome as impact

(ATT). We do not report standard errors to save space. *p < 0.10, **p < 0.05, ***p < 0.01.
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