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Abstract: Climate-smart agriculture (CSA) has been receiving increasing attention in recent policy
dialogues for its potential to improve agricultural transformation, risk management, and welfare.
This study seeks to provide evidence on the welfare impacts of CSA adoption and its complementarity
with non-farm employment using household-level data from Ethiopia combined with novel historical
weather data. The study uses a multinomial endogenous switching regression model to deal with
selection bias and farmer heterogeneity. The results show that households adopting CSA enjoy higher
welfare benefits than non-adopter households. Households experience a higher welfare impact
(lower monetary and multidimensional poverty rate) when CSA and non-farm employment are
adopted simultaneously. However, there is less evidence regarding the complementarity between
CSA and non-farm employment when considering per capita consumption expenditure. The study
findings will have important policy implications for climate change adaptation, resilience, and
poverty reduction in low-income countries.
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1. Introduction

Despite significant gains in poverty reduction in Sub-Saharan Africa (SSA) due to eco-
nomic growth in the past two decades, rural poverty remains a concern in the region [1-3].
Agricultural households comprise a significant proportion of the population trapped in
poverty because rural areas are a large harbour of poverty, mainly due to low agricultural
productivity. The agriculture sector in the region continues to underperform because farm-
ers rely on unsustainable farming practices that lead to land degradation and poor soil
fertility [4-8]. Climate change emerges as a major threat to the agriculture sector and might
worsen food insecurity and malnutrition in SSA [9-12]. Climate change is expected to
affect smallholder farmers disproportionately in SSA; for instance, a moderate temperature
increase will negatively impact cereal productions such as rice, maize, and wheat, which
are mainly produced by smallholder farmers [13,14]. Given that many of the countries
that will be adversely affected by climate change are in SSA and have a larger share of
the poor population, there is an urgent public policy demand for identifying sustainable
agricultural practices that can improve welfare and help poor farm households withstand
the deleterious effects of climate change.

Due to increases in temperature and changes in rainfall patterns, and lack of structural
transformation, the region is at a crossroads and facing a two-fold challenge: (i) to raise
agricultural productivity to feed a surging population that is projected to reach 2 billion
by 2050, to meet their changing dietary preferences, and alleviating rural poverty [15,16];
and (ii) to address the negative consequences of current and projected climate change and
strengthen resilience. Given that rain-fed agriculture contributes a considerable share to
Africa’s GDP, addressing these challenges is a priority in the current agricultural devel-
opment policy in the region; it requires a new paradigm to transform African agriculture.
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The farming systems in SSA are capital deficient, prone to weather extremes, and have
poor-quality soils [5,13,17]. Therefore, there is a need to develop and promote technolo-
gies and practices that improve resilience and increase agricultural productivity, thereby
supporting agricultural transformation [18]. Sustainable intensification is a unique way
forward for African agricultural transformation [3,19-22].

“Climate-smart” agriculture is one of the options for sustainable agricultural pro-
duction that supports production and enhances adaptive capacity [15,23-25]. Recent
agricultural policy has focused on these practices to address economic and environmental
concerns [11,26]. CSA is an essential component of policy options designed to sustainably
increase agricultural productivity, build resilience to climate risks, and mitigate climate
change in SSA. It is an example of bundled programs that can have a sustainable impact
on poverty because it could be a pathway to resilient escapes from poverty. CSA is also
a combination of agronomic innovations that could complement other risk management
tools, such as insurance and drought or stress-tolerant seeds, which are often not accessible
to the rural poor. However, despite their economic and financial benefits, the uptake of
CSA practices among agricultural households remains low. Explanations for this low
uptake remain inadequate and unclear, particularly regarding their welfare effect and its
complementarity to income risk management options such as non-farm employment.

Studies suggest that high upfront investments, yield uncertainties, and financial
constraints are among the major factors that deter farmers’ adoption of CSA in developing
countries [27]. Another strand of the literature comprises studies that establish the link
between CSA and welfare [27-33]. This study seeks to contribute to this body of literature by
analyzing the impacts of CSA on monetary and non-monetary welfare outcome measures,
including consumption expenditure, poverty headcount, and multidimensional poverty.
Moreover, there is a dearth of evidence on the complementarity between climate risk
management strategies, such as CSA, and other non-farm risk management options, such
as non-farm employment and migration.

Establishing the link between CSA, non-farm employment, and welfare is important.
This is because, without identifying the substitutability or complementarity of farmers’
livelihood options, such as CSA and other income risk management strategies, such as
non-farm employment, scaling up CSA practices only goes so far as to improve farmers’
resilience. Establishing the above link is also crucial because rural households in devel-
oping countries engage in three complementary pathways out of poverty: (i) the farm
pathway that entails growth in agricultural incomes, (ii) growth in non-farm incomes, and
(iii) migration. Therefore, this study investigates if CSA would crowd out other income
risk management strategies (non-farm employment). This is based on the hypothesis that
if risk is a factor for livelihood choice and income growth [34-36], climate risk mitigation
strategies in agriculture, such as CSA [2], could complement or substitute other income
risk management options, such as non-farm employment.

Our research fills an important gap in the literature by illuminating the link between
CSA, non-farm employment, and household welfare. The study evaluates the effects of CSA
and non-farm employment (when adopted individually or in combination) on household
welfare using nationally representative data from Ethiopia and a Multinomial Endogenous
Switching Regression (MESR) model. We find that the impact of combining CSA and
non-farm employment guarantees better household welfare compared to the case where
a household is not practising CSA or engages in non-farm employment. However, CSA
adoption alone appears to provide higher consumption expenditure than its combination
with non-farm employment.

The rest of this paper is structured as follows. Section 2 briefly reviews the literature.
Section 3 discusses the data and presents the descriptive statistics for the variables of
interest. Section 4 presents the estimation strategy. Section 5 discusses the findings. The last
section concludes the study and points out some policy implications of the results.
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2. Literature Review
2.1. Climate-Smart Agriculture Adoption and Impacts

The agriculture sector in Ethiopia is characterized by low productivity. CSA is a sus-
tainable agricultural practice to address climate change and poor soil fertility while helping
to improve crop productivity in Ethiopia [37-39]. The promotion of CSA in Ethiopia began
in 1998 across the country through field demonstrations and the training of extension agents
and farmers [38]. Ethiopia’s Climate Resilient Green Economy strategy also advocates
using CSA for climate change adaptation [40]. However, little is known about how CSA
affects household welfare and its relation to other non-agricultural livelihood strategies of
rural households, particularly in Ethiopia and Africa.

Climate change harms economic growth [41], primarily through its effect on the agri-
cultural sector [42], thus contributing to an increase in the prevalence of poverty. The most
essential climate adaptation strategies are the use of improved crop varieties, crop diversifi-
cation, small-scale irrigation, non-farm employment, temporary or permanent migration,
and adjusted planting time [43]. CSA practices include minimum soil disturbance and
residue retention, along with crop diversification, including crop rotation and intercropping.
CSA has the potential to improve food security and provides a basis for poverty reduction
through income, land resilience, disaster mitigation, and increased access to opportunities
and ownership of assets [8].

Combining CSA techniques such as seed priming and micro-dosing of fertilizer per-
formed the best in terms of overall farm productivity and income, which resulted in an
increase in maize yield by 45% compared to traditional practices [44]. Furthermore, culti-
vating multiple stress-tolerant crops increased income by 83%, whereas improved livestock
breeds reduced household income by 76% in Kenya [29]. Adopting stress-tolerant crops
translates into increased asset accumulation, but improved livestock breeds do not affect
asset accumulation, possibly as livestock can be seen as a form of savings [29]. Small-
scale irrigation schemes (SSIS) can also increase production and enhance farmers” welfare;
however, success mainly hinges on access to financial resources, adequate knowledge,
and policy support [45].

Crop rotation, mixed cropping, improved varieties, improved nutrient management,
supplementary feeding, and improved livestock housing have positive NPV values ranging
between 62.56% and 227%, indicating the profitability of these CSA practices in Ghana [46].
Minimum tillage was the only examined technique that did not show profitability. The suc-
cess of minimum soil disturbance or zero tillage (ZT) is often hindered by insufficient
herbicide use, as the technique is known for possible increased weed infestation [47]. In ad-
dition, a lack of access to agricultural technology creates disproportionate gendered effects,
as women are primarily responsible for weeding [45].

The adoption of CSA in Africa faces several challenges, limiting its potential to achieve
sustainable agricultural development and food security [48]. First, there is a lack of under-
standing of the available policy tools that governments have at their disposal to promote
climate-smart agriculture, accompanied by a lack of adequate data and information to
evaluate policies. Second, the implementation and adoption of CSA techniques depend on
farmers’ access to information, credit, machinery, and inputs [45]. A well-established litera-
ture documents the determinants of CSA adoption in developing countries. Male-headed
households have a significantly higher adoption rate of cereal-legume farming in Ethiopia,
Malawi, South Africa, and Tanzania than female-headed households [37]. The results
of [37] contradict the findings of [49], who found female-headed households have a higher
investment in CSA than male-headed households in Malawi, Mozambique, and Zambia.
Furthermore, age and education levels positively affect CSA adoption intensity [37]. CSA
adoption is also shown to be common in mixed-crop livestock systems. Moreover, using
chemicals is also associated with increased adoption of CSA, mainly due to the use of
herbicides for zero-tilling methods. Access to credit and subsidies positively impact CSA
adoption in Tanzania and Malawi but negatively impact adoption in Ethiopia. The authors
indicate that this result is due to the low credit access in Ethiopia (5%) compared to Tanzania
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(10%) and Malawi (24%). Larger household size is also associated with increased adoption
due to increased labour availability. Access to extension and advisory services leads to
increased adoption in Ethiopia and decreased adoption in South Africa, primarily due to
the former having much higher quality services than the latter [37]. Households in areas
with low rainfall and high evaporation adopt more CSA technologies than households that
experience weather extremes.

2.2. Non-Farm Employment and Household Welfare

Participation of farm households in non-farm work has gained prominence recently as
an income diversification strategy [50]. Rural non-farm employment is thought to improve
welfare and ease poverty [51]. A body of literature establishes the link between non-farm
employment and household welfare in developing countries, including Sub-Saharan Africa.
Non-farm employment (wage and self-employment) has a positive effect on household
welfare outcomes (per capita consumption expenditures) through their positive effect on
the use of agricultural inputs [52]. Results further show that non-farm wage employment
and non-farm self-employment are welfare-improving and poverty-reducing; however,
households at the lower tail of the wealth distribution benefit significantly less than the
wealthiest. Participation in non-farm work increases farm income and household welfare,
providing evidence that employment opportunities outside the farm complement on-farm
work [50]. Rural non-farm employment positively affects rural welfare [53] and lifts poor
households out of poverty [51]. Overall, involvement in non-farm activities can offer a
pathway out of poverty—but only if there are sufficiently productive and remunerative
opportunities available and if poor households can take advantage of them [54]. This
needs effective strategies to increase the incomes of poor rural households as they diversify
farm production and move into rural non-farm economic activities to enhance off-farm job
creation. There is also a large body of knowledge that documents the factors that influence
participation in non-farm work, including household demographic characteristics (sex,
age, dependency ratio), education, wealth, including farm size and credit access [50,55],
agro-ecological potential, and urban access [56]. However, no evidence exists on whether
prompting non-farm employment complements or substitutes other income risk manage-
ment options such as CSA. Using representative survey data from Ethiopia, this study
sheds light on the link between CSA, non-farm employment, and household welfare.

3. Data
3.1. Household Survey Data

This study uses data from the latest round of the Ethiopian Socioeconomic Survey
(ESS) collected under the Living Standards Measurement Study-Integrated Surveys on
Agriculture (LSMS-ISA) of the World Bank in collaboration with the Central Statistical
Agency (CSA) of Ethiopia. ESS is publicly available rich, georeferenced, nationally repre-
sentative (at both the urban and rural levels) household survey data. It provides a rich array
of information on household characteristics, income sources, household assets, consump-
tion expenditure, shocks, coping strategies, food security, land holdings, crop production,
and livestock ownership. The survey collects data on households from 2011 to 2016 in
three waves (2011/12, 2013/14, and 2015/16). However, the 2018/19 ESS is a new panel,
and hence we could not exploit the panel structure of the data. ESS has an agriculture
module that captures detailed information on CSA practices, post-planting, and post-
harvest activities, including landholding, crop production and disposition, and livestock
ownership. In addition to the household data, the survey solicited community-level infor-
mation on access to public services, such as infrastructure, markets, and health services.
The georeferencing of the households enables us to merge household data with geospatial
climate information.
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3.2. Climate Data

We merge the household data with temperature and precipitation data obtained from
the Climatic Research Unit (CRU-TS-4.03), University of East Anglia [57]. We use the
downscaled version that corrects for bias, which is produced by WorldClim [58]. The
temperature variable measures the average near-surface maximum temperature in degrees
Celsius, and the precipitation variable measures total precipitation in millimetres.

The temperature and precipitation data are gridded monthly time-series data for the
period between 1960 and 2018 with a spatial resolution of 2.5 min and roughly 21 km?.
Using this data, we used the households’ GPS coordinates (latitude and longitude) to create
a five-kilometre buffer around each point. We then used this five-kilometre buffer to merge
the precipitation and temperature data within the buffer for each household. Next, we
followed a similar strategy to merge the household data with the Standardised Precipitation
Index (SPI) data from University Corporation for Atmospheric Research (UCAR). However,
we create a ten-kilomette buffer for the SPI due to data availability. The SPI is used to
characterize meteorological drought. On short timescales, such as our context, the SPI
is closely related to soil moisture, while at longer timescales, the SPI can be related to
groundwater and reservoir storage.

The temperature, precipitation, and SPI are calculated as monthly averages. The
monthly average for 2018/19 was taken from July (post-planting) of the survey year to
June (post-harvesting). This allows capturing the climate variability span of the post-
planting and post-harvesting stages of the LSMS-ISA dataset. We use these variables in the
estimation to account for climate variability’s short- and longer-term effects on household
livelihood choices.

Figure 1 presents the temperature, precipitation, and SPI data. Existing studies suggest
that the welfare effect of climate change (change in temperature and precipitation) takes
time [59], and the indirect effects, such as water scarcity, displacement, uncertainty, and food
security, are a substantial threat and can cause long-lasting welfare damage [60]. Therefore,
we include temperature;_3’s and precipitation;_3’s in the regressions instead of using the
same year average of the climate variables. We also check the effect of one lag temperature
and precipitation, the qualitative results remain unchanged. Results are available from
authors on request.

(a) Temperature (b) Precipitation (c) SPI
Figure 1. Temperature, precipitation, and SPI, 2018/19.
3.3. CSA and Non-Farm Employment

Farmers in rural Ethiopia adopt a wide range of CSA practices. We construct an index
for CSA adoption using principal component analysis (PCA). PCA is preferred to the
additive index because it produces a more effective measure by recovering the underlying
latent variable [61]. To construct the CSA adoption variable, we consider cereal-legume
intercropping, zero tillage, natural fertilizers, improved seeds, irrigation, soil conservation,
and crop rotation variables that are collected in the ESS. The Kaiser-Meyer-Olkin (KMO)
measure of sampling adequacy for the CSA practices we considered is 0.53, supporting
the use of PCA for the analysis. The PCA results show that the first three components
had eigenvalues greater than one—dominating in terms of eigenvalues and proportion of
variance. The components vector also contains positive weights for all the CSA practices,
suggesting that the aggregate variation in our score results from household variation
in adoption levels [62]. Thus, we classified households based on the three PCA scores,
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with PCA scores greater than zero as adopters of CSA and those with less than or equal to
zero as non-adopters.

To explore the complementarity (substitutability) of CSA with non-farm employment,
we constructed a non-farm employment variable. Non-farm employment is defined at the
household level as a binary variable taking a value of 1 if the household participates in
(generates income from) wage employment or self-employment (enterprises) or receives a
transfer from a migrated household member, 0 otherwise.

Following the above definitions, the treatment indicator or adoption variable is defined
as a polychotomous variable with four possible discrete outcomes: (i) none (a household
adopted neither CSA nor non-farm employment), (ii) CSA only, (iii) non-farm employment
only, and (iv) both (a household adopted CSA and non-farm employment simultaneously).

3.4. Welfare Outcomes

The welfare outcomes include consumption expenditure per adult equivalent per
year, monetary poverty (based on the bottom 40% of the consumption expenditure), and a
multidimensional poverty index (MPI). The consumption expenditure per adult equivalent
value is obtained by aggregating the value of food and non-food spending at the median
prices. 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. The aggregate consumption
expenditure is adjusted for differences in the nutritional or calorie requirement of different
household members by dividing it with an adult equivalence scale. Given that our analysis
focuses on rural households and the incidence of poverty is higher in rural areas of Ethiopia,
using the national poverty line overestimates the poverty rate. Thus, we used 40% of the
average annual consumption expenditure per adult equivalent as a poverty line threshold.
Monetary poverty is a binary variable taking a value of 1 if the per adult equivalent
expenditure per year is less than the 40th percentile of the annual consumption expenditure
per adult equivalent (i.e., Birr 9254) and 0 otherwise. The multidimensional poverty index
(MPI) is constructed using three main dimensions (education, health, and living conditions)
and nine sub-dimensions following the methodology developed by [63]. Education and
health indicators are weighted 1/6 and 1/3 each, respectively, and the standard of living
indicators are weighted 1/18 each. Under education, we considered years of schooling (At
least one child aged 7-15 years is not attending school) and school attendance (No one in
the household has at least 6 years of education). For the health dimension, we considered
whether at least one 6-59-month-old child in the household is stunted. Finally, under living
standards, we include access to electricity, access to improved water, access to an improved
sanitation facility, access to safe cooking fuel (household does not use solid cooking fuel
such as wood, charcoal, leaves, or manure), floor type (household does not have a quality
finished flooring) and ownership of assets (household does not have a radio, TV, or phone
or no transportation asset and no refrigerator). MPI is a binary variable taking a value of 1
if a household is multidimensionally poor and 0 otherwise.

Households that adopt CSA or participate in non-farm employment have higher
consumption expenditures than non-adopters (Figure 2). There is a statistically significant
difference in consumption expenditure between the different groups of households: none
(non-adopter), CSA, non-farm employment, and both CSA and non-farm employment.
Adopters (of CSA or non-farm employment in isolation or combination) have higher
consumption expenditure, on average, than non-adopters. Comparing the livelihood
options, households that adopt CSA and participate in non-farm employment have the
highest average consumption expenditure, followed by those that participate in non-farm
employment only and those that adopt CSA only. Figure 2 further shows that, on average,
female-headed households (FHH) adopting one or both of the livelihood options had a
higher consumption expenditure than their male counterparts (MHH).
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Figure 2. Consumption expenditure per adult equivalent per year (in Birr) by livelihood options
and gender.

Figure 3 presents monetary and multidimensional poverty rates by livelihood options
and gender of the household head. In line with our observation in Figure 2, households
that adopt the two livelihood options simultaneously have lower monetary and multi-
dimensional poverty rates. Similarly, FHHs that adopt non-farm employment and CSA
jointly have the lowest monetary and multidimensional poverty rates.
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Figure 3. Poverty rates (MPI and monetary poverty) by livelihood options and gender.

3.5. Control Variables

The control variables used in the regressions include socioeconomic and demographic
characteristics (gender of head, age of head, household size, and head education), wealth
(livestock holding and land holding), proximity to services (distance to roads and markets),
extension reach, shocks experience, and climate variables. The choice of the variables is
based on a review of the existing literature, economic theory, and data availability. Table A1l
in Appendix A provides the summary statistics of the main explanatory variables used in
our analysis by adoption status: none, CSA only, non-farm employment only, and both.

4. Empirical Strategy

The biggest challenge in estimating the effect of non-random self-selected interventions
is finding a credible estimate of the counterfactual: what would have happened to treated
households, for instance, households that adopt CSA if they had not adopted CSA? If
adoption is randomly assigned, the difference in the outcome between CSA non-adopters
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(untreated households) and CSA adopters (treated households) can be a reasonable estimate
of the treatment effect. However, households that adopt that livelihood option may have
characteristics that differ from the ones that do not adopt it [64]. Without information
on why households self-select to adopt one or more strategies, the next best alternative
is to construct a counterfactual (a comparison group), which is as close as possible tothe
treated households; those who adopt CSA and non-farm employment would have had
similar outcomes in the absence of the treatment [64,65]. We use a multinomial endogenous
switching regression model (MESR) that allows deriving the impacts of CSA adoption and
non-farm employment on household welfare while addressing selection bias.

Let there be (P + 1) exclusive livelihood options or climate risk management strategies
whereby the possible strategies are denoted using (Y, Y,...,Yp). For each household,
only one state of the potential strategy is observed, and the other states are counterfactuals.
The adoption of a particular strategy (CSA, non-farm employment, or both) is donated
by T{0,1,...,P}. There are P + 1 potential outcomes for each household, but there is
only a single state strategy that is observed (T;). Thus, for a household i, T; = t, then
Y; = Yi[t] = ps. In the context we are working, where households adopt one or more
strategies, we emphasize the comparative efficacy of all strategies jointly and separately.

In this framework, the relative average treatment effect (ATE) of strategy ' relative to
t" is the difference in average outcomes had all households been observed under a single
strategy t versus had all households been observed under the alternative strategy ¢’ [66,67].

Formally, ATE (tf;tT”E) is given as follows:

1o

T;‘A%E = Wy — Ky (1)

The average treatment on the treated (ATT) is the pairwise contrast of the effects of
the strategy and t” for households in either t' or t”. Thus ATT is given in Equation (2):

o

o
TATT = ]/lt/t// — ‘utltl (2)

The relative ATT of treatment (#') among households that adopt strategy t” is the
difference between the mean outcome of those who adopt strategy ' and those who
adopt t' would have had if they had been adopted t’ instead of ¢’ (Araar et al., 2019 [66];
Wooldridge 2010 [67]).

In this study, we aim to identify the combination of CSA and non-farm employment
that is most beneficial to improving the welfare of farm households. Thus, we estimate
and report both ATE and ATT. While ATE sheds light on the gain in welfare (the treatment
effect) if all farm households adopt a particular strategy, ATT provides information on the
relative effectiveness of one strategy versus another. Therefore, we estimate and report
ATE and ATT to provide complete information, as summarized in Table 1.

Table 1. Treatment effects (ATE and ATT) of multiple treatments.

ATE ATE ATT
CSA (csa) Non-Farm (nf) Both (Both)
CSA vs. non-adopters (ni) Uesa — Uni CSA vs. Non-farm  piesa — pinf Mesanf — Mesacsa Hesanf = Mnfnf §
Non-farm vs. Non‘adOPterS (l’li) an — Hni CSA vs. Both Hesa — Hboth Hesa,both — Hesa,csa § Hooth,csa — Hboth,both
Both vs. Non-adopters (ni) Heoth — Pni  Non-farmvs. Both  pyr — pipon 8§ Hufboth — Hnfuf  Heothuf — Hboth,both

§ non-sensical cases to estimate the ATT.

A farming household’s choice between CSA and/or non-farm employment or the
simultaneous adoption of both may be endogenous to observed and unobserved char-
acteristics of households leading to self-selection bias. As discussed above, to address
potential self-selection bias due to observed and unobserved characteristics of households,
we use the multinomial endogenous switching regression approach following Dubin and
McFadden (1984). Using this approach, we first model the livelihood strategy decision
(CSA, a combination of CSA and non-farm employment, or neither) using a multinomial
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logit selection model that accounts for the interdependence between the strategies. Then,
the effects of each strategy on welfare (consumption expenditure per adult equivalent and
monetary and multidimensional poverty) are assessed using a linear regression model with
endogenous treatment effects.

Let (T};) describe household i’s choice of CSA and non-farm employment j over
another alternative p; given as follows.

Tji = vjzi + &ji 3)

where z; is the vector of observable characteristics of households and their members that
affect the choice of CSA and non-farm employment, such as gender of household head, age,
education, household size, land size, ownership of livestock, distance to market, access to
extension services, temperature, and precipitation. ¢;j is the unobservable characteristic
that affects the adoption decision of one or more strategies. The utility of adopting an
alternative CSA practice is not observed, while the actual adoption of a given practice is
observed. A household’s choice of a practice j over an alternative practice m is given by:

0 lf Tji > mMaXy,£1 Ti or wpy; <0

Jif Tji > maxy,zj Tyi or wji <0

where wj; = max;, (T — Tj;) < 0 (Bourguignon et al., 2007 [68]). Equation (4) implies
that household i chooses alternative practice j over m if and only if the welfare gain from j
is greater than that welfare obtained from m for m # j.

Assuming that ¢ is an independent and identical distribution, the probability that
household i will adopt a given CSA practice and/or non-farm employment j given its
characteristics z can be given as a multinomial logit model, as in Equation (5) [69].

exp ('yjzi)

_ PR =12, 5
Y exp(1,zi) ! / ©

pji = pr(wﬁ < O‘Z) =

The following multinomial endogenous switching regressions are specified to evaluate
the effect of each livelihood strategy on the welfare of households:

Cni = PnXi + Uni if T=0 (6a)
Cosai = BesaXi +Uesai  if T=1 (6b)
Cufi = PufXi +uypi  if T=2 (6¢)
Cpothi = ProtnXi + Uporni  if T=3 (6d)

where ¢y, Cesai Cpi and cpopi are the four discrete outcomes representing non-adopters,
those that adopt CSA only, non-farm employment only, and both CSA and non-farm
employment, respectively. x; is the vector of observable characteristics that affect the choice
of CSA and non-farm employment, such as gender of household head, age, education,
household size, land size, livestock ownership, distance to market, access to extension
services, and climate variables.

Due to possible confounding factors, such as motivation to work and risk-taking
behaviour, that affect the outcome variable in the above equations and the selection equa-
tion, estimating the above equations using OLS yields biased results. Hence, consistent
estimates of the parameters require correction for selectivity. In addition to the selectivity
bias correction obtained from the multinomial logit model (the inverse Mills ratio -IMR
terms), we have considered an exclusion restriction variable that is used as the IV. The IV is
the village-level CSA adoption rate calculated by excluding the household under consid-
eration to avoid possible reverse causality in that the household’s CSA adoption decision
affects the CSA adoption decision at the village level. The basic argument for using the
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village-level CSA adoption as an IV is that agricultural technology adoption and production
decisions are likely to be influenced by the decision of neighbouring households due to peer
effects and learning externality [70,71]. Farmers in the same neighbourhood face similar
demographic, institutional, and economic challenges and thus are likely to adopt similar
production systems [70,72]. Thus, CSA adoption at the village level will affect the liveli-
hood choice of households. The IV is expected to not be correlated with the unobserved
household heterogeneity and the household consumption or poverty status [71,72].

According to [68], consistent estimates of the parameters can be obtained by introduc-
ing a correction term in the above equations as follows:

Cni = PuXi + 0nAn+Gpi if T=0 (7a)
Cesai = ﬁcsaxﬁ + Ocsalesa +Gesa if T=1 (7b)
Cnfi = PupXji + OnfAns +Cnp if T=2 (7¢)
Crothi = BrotnXji + TvothMoth + Gvorn if T =3 (7d)

where 0y, is the covariance between e and u. A is the correction term (the mills ratio given
in Equation (8) below) derived based on estimated probabilities from the first equations
(Equation (5)) and the correlation (p) between € and u.

J P, In( D, .

Following this, we can estimate the expected household welfare (consumption per
adult equivalent and poverty) for untreated farming households as follows:

E(cyiT = 0) = Bux; + 0n)y (9a)

Similarly, the expected household welfare of households that adopt the different
strategies under investigation are given as follows:

E(Ccsui|T = 1) = ,Bcsaxi + Ocsalcsa (9b)
E(Cnfi|T:2> :ﬁnfxi+‘7nf)\nf (9¢)
E(cBowni| T = 3) = BpotnXi + OBothBotn (9d)

Comparably, the expected value of consumption per adult equivalent or poverty for
non-adopters had they adopt one or more strategies is given as follows:

E(cji|T = 0) = Bjxi + 0jAu (10a)

Finally, the expected value of consumption per adult equivalent or poverty for those
that adopted j had they not adopted any of the strategies is given :

E(cni|T = j) = Bnxi + OnA; (10b)

t' and " are treatments in j ATE and ATT are computed as follows:
ATE]' = E(C]'i|T = ]) — E(ym|T = Tl) = ﬁ]xﬂ + 0'])\] — ﬁnxm‘ + oAy (11a)
ATEt,t” = E(Ctr |T = t/) — E(Ct// |T = t//) = ‘B]'Xl' + 0'])\] — BuXpi + 0uAn (11b)

ATTj = E(cji|T = j) = E(cuil T = ) = (Bjxi + 0jAj) — (BnXi +0ud;)  (12a)
ATTt’t” = E(Ct// ‘T = t/) — E(Ct/ ’T = tl) = (ﬁt//xi —i—U’t//)\t/) — (:Bt'xi —‘,-O't/)\t/) (12b)
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5. Results

This section presents and discusses the MESR model results that provide estimated
impacts of CSA and non-farm employment on welfare outcomes, annual consumption per
adult equivalent, and monetary and multidimensional poverty.

5.1. Impacts on Consumption Expenditure

We start our analysis by estimating the welfare effects of CSA and non-farm employ-
ment on household consumption expenditure per adult equivalent. The ATE shows the
difference in consumption expenditure for all households who had adopted a specific strat-
egy and the comparison group. First, we computed ATE by comparing the consumption
expenditure for households that adopt one or both strategies with non-adopters. Second,
we computed ATE by comparing each strategy to another. The results show that both
CSA and non-farm employment have positive welfare impacts (Table 2) The results are
based on the second stage of the MESR model. Table A4 in Appendix A presents the full
results. However, the highest welfare benefit is obtained when CSA is adopted in isolation,
even compared to the simultaneous adoption of both CSA and non-farm employment.
The ATE for all households who adopted CSA compared to non-adopters is an increase
in consumption expenditure of about Birr 3089. This is in line with previous studies that
document a positive welfare effect of CSA in Africa [27-33]. The corresponding effect of
non-farm employment is Birr 1566. The ATE for households who adopted both CSA and
non-farm employment compared to non-adopters is positive but insignificant. The results
suggest that the two livelihood strategies are substitutes, and we document non-farm
employment’s crowding-out effect of CSA adoption. The possible explanation for the
observed results could be their competition for productive labour. The potential channels
through which CSA and non-farm employment affect household welfare include increased
farm production, reduced costs of production, and risk mitigation [2,30,32,33].

Table 2. ATE estimates of CSA, non-farm employment, and their combination on consumption

expenditure.
ATE
CSA vs. Non-adopters 3089 *** CSA vs. Non-farm 1522 ***
Non-farm vs. Non-adopters 1566 *** CSA vs. Both 2916 ***
Both vs. Non-adopters 172 Non-farm vs. both 1394 ***

¥ <0.05, " p < 0.01, ™ p < 0.001.

Comparing the impact of CSA and non-farm employment, the ATE for households that
adopted non-farm employment show that consumption expenditure could have increased
by 1522 Birr had they adopted CSA. Similarly, adopting CSA instead of both CSA and
non-farm employment would have increased consumption expenditure by about Birr 2916.
Finally, the ATE for households that adopt both CSA and non-farm employment shows
that their consumption expenditure would have increased by Birr 1394 had they adopted
non-farm employment alone. The declining welfare effect of changing strategies from CSA
to non-farm employment highlights the difference in the effectiveness of CSA in improving
welfare compared to non-farm employment. Overall, the ATE estimates suggest that the
adoption of CSA improves the welfare of households more than non-farm employment
and the combination of CSA with non-farm employment.

The ATT results show that moving from CSA to non-farm employment has a positive
but no significant impact on consumption expenditure. However, moving from CSA to
both CSA and non-farm employment led to a significant decline in consumption expendi-
ture (by Birr 2156) compared to adopting CSA alone. This suggests that the consumption
of households that adopted CSA alone could have declined had they chosen to adopt
both CSA and non-farm employment simultaneously. For those that adopt only non-farm
employment, the ATT of the shift from non-farm employment to CSA is an increase in con-
sumption expenditure by about Birr 2599. Conversely, the ATT of moving from non-farm
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employment to both CSA and non-farm employment was a decline in annual consump-
tion expenditure of about Birr 2720. Focusing on households that adopt both strategies,
adopting non-farm employment alone and CSA increased average annual consumption
expenditure, though the results are insignificant. This suggests that combining CSA and
non-farm employment is not more effective in enhancing the welfare of rural households
than adopting the two strategies separately (Table 3).

Table 3. ATT estimates of CSA, non-farm employment, and their combination on consumption

expenditure.
ATT
CSA Non-Farm Both
Non-farm vs. CSA 1416 2599 *** §
Both vs. CSA —2156 *** § 1092
Both vs. Non-farm § —2720 *** 629

*p <0.05 % p <0.01, *** p < 0.001. § non-sensical cases to estimate the ATT.

5.2. Impacts on Monetary Poverty

Table 4 provides the ATE estimates of the impacts of CSA, non-farm employment,
and their combination on monetary poverty. The ATE results show that households that
adopt CSA are less likely to be poor (have a consumption expenditure of less than 40%
of the national average or be in the bottom 40%) compared to non-adopters. The results
further show that non-farm employment (compared to non-adopters) will decrease the
probability that a household would be poor (in the bottom 40%) by 13.7 percentage points.
The results also show that households that adopt CSA and engage in non-farm employment
are less likely to be poor compared to non-adopters. The plausible explanation is that poor
households in rural Ethiopia tend to be larger [73]; this might relax the labour constraints
of low-income families, allowing them to adopt diversified livelihood strategies jointly and
thus benefit more by combining the different strategies considered in the study.

Comparing the impacts of CSA and non-farm employment on poverty, the ATE
estimate of adopting CSA instead of non-farm employment is insignificant. Adopting both
strategies instead of CSA or non-farm employment individually would increase poverty by
11 and 10 percentage points, respectively. The ATE estimates suggest that adopting CSA and
non-farm employment jointly reduces poverty more than adopting the livelihood options
separately. Overall, the results indicate that the two livelihood options are complementary
because their combination has the highest poverty-reducing effect.

Table 4. ATE estimates of CSA, non-farm employment, and their combination on monetary poverty.

ATE
CSA vs. Non-adopters —0.129 *** CSA vs. Non-farm 0.008
Non-farm vs. Non-adopters —0.137 *** CSA vs. Both 0.110 ***
Both vs. Non-adopters —0.239 *** Non-farm vs. Both 0.103 ***

¥ < 0,05, p < 0.01, ™ p < 0.001.

The ATT estimates for the impacts of CSA, non-farm employment, and their combi-
nations are presented in Table 5. Adopting CSA instead of non-farm employment would
reduce poverty by 7.4 percentage points in adopting households. However, adopting CSA
separately would increase poverty (by 7.2 percentage points) of those that adopted both
livelihood options jointly. This suggests that poverty would decline if households jointly
adopted CSA and off-farm employment. For those that engage only in off-farm employ-
ment, the ATT of the shift from non-farm employment to CSA adoption is insignificant.
Moreover, the ATT of moving from non-farm employment to both CSA and non-farm
employment shows a decline in poverty by 8.9 percentage points. This suggests that com-
bining CSA and non-farm coping strategies improves household welfare more effectively
than adopting the two strategies separately.
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Table 5. ATT estimates of CSA, non-farm employment, and their combination on monetary poverty.

ATT
CSA Non-Farm Both
Non-farm vs. CSA —0.074 *** 0.001 §
Both vs. CSA 0.072 ** § 0.021
Both vs. Non-farm § —0.089 *** 0.047

*p <0.05 % p <0.01, *** p < 0.001. § non-sensical cases to estimate the ATT.

5.3. Impacts on Multidimensional Poverty

We used the multidimensional poverty index (MPI) as an additional welfare measure
to show the effect of CSA adoption and non-farm employment on non-monetary welfare
indicators. The results show that CSA adoption, non-farm employment, and their com-
bination reduce the probability of being poor (in non-monetary terms) by 8, 10, and 36
percentage points, respectively, compared to non-adopters (Table 6). The results show that
the combination of CSA and non-farm employment generates the highest poverty-reducing
benefits than the adoption of CSA or non-farm employment. This provides evidence of the
complementarity between CSA and non-farm employment.

Table 6. ATE estimates of CSA, non-farm employment, and their combination on MPL

ATE
CSA vs. non-adopters —0.081 *** CSA vs. Non-farm 0.021 ***
Non-farm vs. non-adopters —0.103 *** CSA vs. Both 0.280 ***
Both vs. non-adopters —0.362 *** Non-farm vs. Both 0.259 ***

¥ <0.05,* p < 0.01, ™ p < 0.001.

The ATT estimates for the impacts of CSA, non-farm employment, and their com-
bination are presented in Table 7. Moving from CSA to non-farm employment, poverty
decreases by 15.5 percentage points. However, moving from CSA to both led to an increase
in the multidimensional poverty rate by 18.2 percentage points. This suggests that multidi-
mensional poverty would decline had they adopted both CSA and non-farm employment.
For those that engage only in non-farm employment, the shift from non-farm employment
to CSA adoption would increase multidimensional poverty by 2 percentage points. More-
over, moving from non-farm employment to both CSA and non-farm employment would
reduce multidimensional poverty by 28.4 percentage points. This suggests that combining
CSA and non-farm employment is more effective for improving household welfare (by
reducing non-monetary poverty) than adopting the two strategies separately.

Table 7. ATT estimates of CSA, non-farm employment, and their combination on MPL

ATT
CSA Non-Farm Both
Non-farm vs. CSA —0.155 *** —0.020 *** §
Both vs. CSA 0.182 *** § 0.149 ***
Both vs. Non-farm § —0.284 *** 0.065

*p <0.05,* p <0.01, ** p < 0.001. § non-sensical cases to estimate the ATT.

5.4. Heterogenous Effects by Consumption Quintiles

We use quantile regression to shed light on the heterogeneous effects of CSA and
non-farm employment on consumption expenditure (our primary welfare measure. These
estimates are not comparable with the MESR model because unobserved heterogeneity
and self-selection are not addressed. The quantile regression helps to test whether CSA
and non-farm employment have significantly different household welfare effects between
high- and low-income households. Investigating the heterogeneous impacts can help
to identify policy options that are better tailored to the needs of a socioeconomically
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diverse smallholder population. Furthermore, going beyond the average effect, the results
are expected to be more homogeneous since farmers located at the same point of the
income distribution are more likely to follow the same livelihood pathway and adopt
similar strategies. Table 8 reports the estimated coefficients associated with the CSA, non-
farm employment, and their combination at four points of the consumption expenditure
distribution (quantiles 0.2, 0.4, 0.6, and 0.8).

Table 8. Heterogenous effects of CSA and non-farm employment on welfare: quantile regression
estimates.

q=20 q=40 q =60 q=280
CSA 867.27 * 1542.63 *** 1402.42 *** 1654.86 *
(492.31) (400.16) (512.28) (979.68)
Non-farm employment 945.76 *** 1199.55 *** 1975.29 *** 2018.21 **
(357.17) (460.65) (467.93) (817.55)
CSA and non-farm employment 2503.81 *** 2866.60 *** 4014.27 *** 4468.35 **
(656.21) (863.08) (1160.73) (2059.5)

Note: Untreated is the base outcome. The regressions include all control variables and region dummies included
in the MESR model. * p < 0.05,** p < 0.01, *** p < 0.001.

The results highlight that the average effects of the adoption of CSA, non-farm em-
ployment, and both increase linearly across the consumption expenditure quintiles. The
adoption of CSA increases per adult equivalent consumption expenditure by Birr 867 for
the poorest (q = 0.2) and by Birr 1655 for the richest (q = 0.8) households. A similar pattern
is found for the impact of non-farm employment: moving from the bottom to the top of the
consumption expenditure distribution, the effect of non-farm employment monotonically
increases (from Birr 946 to Birr 2018 ). A higher welfare impact is achieved when CSA
and non-farm employment are adopted simultaneously. The poorest rural households
that adopt both CSA and non-farm employment have higher consumption expenditure
(Birr 2504). However, the richest households earn, on average, more than the poorest
(Birr 4468). Overall, the results highlight that CSA and non-farm employment (and their
combination) have higher welfare effects among the richest than for the poorest rural
households. A study in Malawi also found that non-farm employment positively affects
household welfare outcomes (per capita consumption expenditures), where the magnitude
of the impact is larger for the wealthiest households than those at the lower tail of the
welfare distribution [52]. The relatively lower effect for the poorest could be due to the
limited capacity of the rural poor to adopt CSA and participate in non-farm activities.

6. Conclusions and Policy Implications

Climate-smart agriculture (CSA) has received increasing attention in recent policy
dialogues for its potential for agricultural transformation, risk management, and welfare
improvement. This study provides evidence on the welfare impacts of CSA adoption
and its complementarity with non-farm employment. For this purpose, we estimate the
impacts of CSA when adopted in isolation and in combination with non-farm employ-
ment on monetary (yearly household consumption expenditure and monetary poverty)
and non-monetary (multidimensional poverty index) welfare outcomes using household-
level data from Ethiopia combined with novel historical weather data. The study uses
a multinomial endogenous switching regression model to deal with selection bias and
farmer heterogeneity.

Two results are worth stressing. First, the impact of combining CSA and non-farm
employment guarantees better income risk management compared to the case where a
household is not practising CSA or engages in non-farm employment. Our result shows that
households that adopt both CSA and non-farm employment simultaneously have lower
poverty rates than non-adopters. Second, contrary to the first result, CSA adoption results in
higher consumption expenditure per year than its combination with non-farm employment
(the option that characterizes labour-oriented households), and the wealthiest households
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earn more on average than the poorest by adopting the two strategies. The labour demand
effect could explain our results because CSA and non-farm employment compete for
productive household labour. However, taking account of seasonality would help to
establish such relationships because farm-oriented households that adopt CSA would
engage in non-farm employment or migrate during the off-season when labour demand
for farming is at its low.

Overall, our results suggest that, in a country such as Ethiopia, where markets are not
complete and institutions are lacking, the adoption of CSA significantly improves rural
households” welfare. Most of the CSA practices we have considered in this study (e.g.,
zero tillage, natural fertilizer, and other soil fertility management practices) are adopted
by households in the lower segment of the income distribution, indicating that they are
likely to be adopted by poor rural households. There could, however, be other factors that
constrain the adoption of CSA that would lead to suboptimal adoption of CSA. Policies
that seek to leverage the welfare benefits of CSA need to acknowledge the capacity of
households in CSA adoption and non-farm employment.

Author Contributions: Conceptualization, E.Y. and W.T.; Formal analysis, E.Y. and W.T.; Data
curation, W.T.; Writing—original draft, E.Y.; Writing—review & editing, W.T.; Supervision, E.Y.;
Funding acquisition, E.Y. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by African Economic Research Consortium, grant number RC21592.
Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Acknowledgments: We gratefully acknowledge research funding from AERC Collaborative Research
on Climate Change and Economic Development in Africa.

Conflicts of Interest: The authors declare no conflict of interest.



Sustainability 2022, 14, 15981

16 of 22

Appendix A

Table Al. Descriptive statistics by adoption status.

Non-Adoptors CSA Non-Farm Both
Mean SD Min Max Mean SD Min Max Mean SD Min Max Mean SD Min Max

Multidimensionally poor 0.521 0.500 0 1 0.523 0.500 0 1 0.469 0.500 0 1 0.289 0.454 0 1
Yearly household consumption per adult equivalent 13,223.100 11,977.800 311 169,992 13,314.850 12,457.250 817 126,687 13,892.390 11,078.550 273 124,959 18,010.810 12,548.540 1299 206,891
Monetary poor 0.440 0.497 0 1 0.405 0.491 0 1 0.350 0.478 0 1 0.254 0.436 0 1
Gender of household head (Male = 1) 0.798 0.401 0 1 0.738 0.440 0 1 0.779 0.415 0 1 0.689 0.464 0 1
Household head age 46.312 15.727 15 97 45.439 15.490 17 97 42.931 13.636 17 85 35.577 11.814 18 85
Household size 4.860 2.106 1 13 5.009 2.304 1 14 5.173 2.216 1 19 4.075 2.283 1 11
Household head attended any school (yes = 1) 0.391 0.488 0 1 0.226 0.419 0 1 0.450 0.498 0 1 0.583 0.494 0 1
TLU 3.163 3.058 0 49 3.003 6.154 0 40 2.644 2.504 0 19 1.333 2.951 0 37
Land size in hectares 1.108 1.252 0 25 0.895 4.769 0 200 1.011 1.053 0 18 0.617 1.196 0 6
Distance to the nearest Road (in KM) 17.731 16.736 0 81 29.419 39.138 0 313 17.401 18.248 0 81 25.121 46.018 0 312
Distance to the nearest market (in KM) 67.043 44.162 0 295 107.085 84.665 0 452 74.016 46.956 2 237 85.966 75.550 1 451
Access to extension service (1 = yes) 0.458 0.498 0 1 0.227 0.419 0 1 0.489 0.500 0 1 0.257 0.439 0 1
HH experience Increase in price of inputs (1 = yes) 0.074 0.261 0 1 0.064 0.245 0 1 0.070 0.256 0 1 0.053 0.225 0 1
Temperature;_3 (°C) 26.244 3.070 19 36 29.110 4.104 19 37 26.493 2.854 19 35 27.595 4.055 19 37
Precipitation;_3 (mm) 104.878 30.109 13 179 78.862 32.198 13 178 106.107 29.510 15 179 91.681 38.339 13 178
Tigray 0.067 0.250 0 1 0.039 0.194 0 1 0.077 0.266 0 1 0.108 0.311 0 1
Afar 0.002 0.042 0 1 0.034 0.182 0 1 0.001 0.034 0 1 0.023 0.152 0 1
Ambhara 0.271 0.445 0 1 0.259 0.438 0 1 0.228 0.420 0 1 0.327 0.470 0 1
Somali 0.002 0.040 0 1 0.215 0.411 0 1 0.000 0.000 0 0 0.119 0.324 0 1
Benishg 0.012 0.110 0 1 0.004 0.060 0 1 0.010 0.100 0 1 0.004 0.062 0 1
Snnpr 0.241 0.428 0 1 0.089 0.285 0 1 0.302 0.460 0 1 0.071 0.258 0 1
Gambella 0.004 0.062 0 1 0.001 0.030 0 1 0.003 0.056 0 1 0.005 0.071 0 1
Harari 0.002 0.047 0 1 0.001 0.028 0 1 0.002 0.047 0 1 0.003 0.055 0 1
Diredawa 0.002 0.043 0 1 0.003 0.055 0 1 0.001 0.035 0 1 0.007 0.082 0 1
SPI 0.241 0530 -1 2 0.340 0615 -1 2 0.140 0481 -1 1 0.210 0.501 -1 2
N 1549 815 408 298
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Table A2. First stage regression: Multinomial logistic regression.

CSA Non-Farm Employment Both

Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.
Male headed household 0.138 ** 0.214 —0.369 0.149 0.131 0.300
Household head age —0.013 ** 0.006 —0.013 ** 0.004 —0.014* 0.009
Household size —0.031 0.042 0.105 *** 0.029 0.057 0.056
Household head has formal education —0.584 ** 0.205 0.347 *** 0.130 0.394 0.261
Livestock owned (TLUs) 0.027 0.022 —0.092 *** 0.025 0.006 0.029
Land size (ha) —0.232 ** 0.095 0.040 0.041 —0.233 * 0.139
Distance to the nearest road (Km) 0.002 0.006 —0.005 0.004 —0.009 0.009
Distance to the nearest market (Km) 0.004 * 0.002 0.002 0.002 0.000 0.003
Access to extension service —0.809 *** 0.196 0.204 * 0.120 —1.247 *** 0.327
HH experienced increase in price of inputs —0.143 0.327 —0.071 0.234 —0.405 0.528
Temperature;_3 (°C) 0.014 0.032 0.018 0.024 0.013 0.048
Precipitation; 3 (mm) 0.000 0.005 0.001 0.003 0.003 0.008
Region: Oromia is reference
Tigray —0.990 * 0.539 0.242 0.391 0.285 0.859
Afar 0.314 0.540 —0.303 0.577 0.636 0.819
Ambhara —0.119 0.375 0.114 0.260 0.749 0.641
Benishangul 0.071 0.508 —0.380 0.309 0.239 0.908
SNNPR —0.058 0.366 0.049 0.213 —0.293 0.675
Gambella —1.563 ** 0.752 —0.352 0.353 —0.496 0.849
Harari —0.582 0.607 0.239 0.374 1.087 0.854
Dire Dawa —0.388 0.505 —0.169 0.439 0.177 0.805
Village CSA adoption (exc the HH) 0.557 *** 0.036 0.052 0.035 0.601 *** 0.051
Standardized Precipitation Index (SPI) —0.205 0.224 —-0.172 0.186 —0.432 0.318
Deviation of lagged Temperature from 5 year average —0.988 1.583 0.643 1.222 0.037 2.454
Constant —2.823 *** 1.152 —1.734 ** 0.833 —4.908 ** 1.693
Log likelihood —1823.238
x2(d.o.f) 1527.89
p-value 0.000
N 2480

Untreated is the base outcome. Both refers to CSA and non-farm employment. * p < 0.05,** p < 0.01, *** p < 0.001.
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Table A3. Second stage regression:

Selectivity correction based on multinomial logit.

Outcome: Consumption Expenditure per Adult per Year Untreated CSA Non-Farm Employment Both

Coef. Std. Err.  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.
Male headed household —647.794  1407.587 1864.387  1689.594 5494.745 5429.676 496.665  9439.629
Household head age 21.547 *** 44.655 24.705 42.585 83.903 176.948 —55.137 214.753
Household size —1569.439  381.989 —2644.005 *** 404.438 —3367.261 1885.380 —3900.255  2170.416
Household head has formal education —13.438 1266.101 —2427.447  4771.329 —2244.021 4708.002 628.959 11,857.720
Livestock owned (TLUs) —72966 234418 109.454 82.895 1465.730 1229.869 72.692 237.829
Land size (ha) 1077.980*  450.633 58.883 629.946  —347.509 1051.076 1085.144  2756.769
Distance to the nearest road (Km) 6.234 31.635 —15.722 55.641 20.066 103.261  —157.388 209.932
Distance to the nearest market (Km) —17.105 13.622 —14.913 20.121 —28.419 37.620 84.182 54.346
Access to extension service 1541917 1188.651 7288.972 % 3525.309 —5567.906 2864.401 2568.609 7722111
HH experience increase in price of inputs 1630.208 1913.848 2629.312  2815.814  3059.396 4651.715 —-7827.601 16,930.300
Temperature ;_3 (°C) —352.074  176.029 —37.557 228.969  —318.039 405.817 288.024 1081.100
Precipitation;_3 (mm) —31.095 * 19.487 —79.495 52.132 —29.607 51.669 —20.956 130.833
Tigray —4981.706 ** 1758475 —13,728530*  5827.003 —3866.661 9008.290 —2036.716 13,400.070
Afar 268.887  3091.796 —4445513  3718.047 6695.543 6955.002 —1377.425 11,706.560
Ambhara —6805.383 ***  1289.746 —8320.415*  3453.741 —4426.591 4632.513 —5631.169 10,844.490
Benishangul 1595.048 2558.396 —7962.553  5107.872 6408.502 7016.610 —9257.664 12,430.730
SNNPR 1251.305 1477.770 —5649.447  4510.612  —264.617 2702.248 586.654 11,754.390
Gambella —398.819  1952.055 15,279.600 15,132.130 —3700.723 4974.234 1468.541 19,261.650
Harari 1664.206 2314.187 —14,412.500 * 7224.393 6572.607 4181.652 13,677.790 22,832.050
Dire Dawa 1469.473  3361.643 —5746.686  3938.873  —442.420 6943.445 6424.720  18,852.370
Constant 37,630.900 ***  3875.059 28,631.140* 12,257.180 96,470.850  60,709.180 66,523.680 61,090.560
00 —0.271 0.239 0.924 0.520 2.641 1.813 —0.044 1.087
01 0.452 0.587 0.343 0.286 2.081 % 0.954 1.106 1.295
02 0.593 0.853 —1.576 0.944 —0.412 0.568 1.985 1.235
03 —2.256 *** 0.607 —1.232 1.067 —-0.373 1.331 —0.218 0.345
Log likelihood —1823.238
x2(d.o.f) 1527.89
p-value 0.000
N 2480

*p <0.05 *p <0.01,** p < 0.001.
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Table A4. Second stage regression: Selectivity correction based on multinomial logit.

Outcome: Monetary Poverty Untreated CSA Non-Farm Employment Both

Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.
Male headed household 0.036 0.079 —0.125 0.070 —0.072 0.107 0.369 * 0.148
Household head age 0.002 0.002 0.000 0.002 0.001 0.004 0.001 0.005
Household size 0.048 *** 0.014 0.105 *** 0.019 0.077 * 0.032 0.021 0.031
Household head has formal —0.139 0.077 0.016 0.173 —0.106 0.128 —0.186 0.381
education
Livestock owned (TLUs) 0.013 0.009 —0.001 0.006 —0.011 0.027 0.004 0.013
Land size (ha) —0.043 *** 0.015 —0.071* 0.031 —0.013 0.025 —0.039 0.070
Distance to the nearest road (Km) 0.001 0.001 0.001 0.002 0.003 0.002 0.022 ** 0.007
Distance to the nearest market (Km) 0.000 0.000 —0.001 0.001 0.000 0.001 —0.004 0.002
Access to extension service —0.123 *** 0.047 —0.142 0.106 0.033 0.083 —0.258 0.241
HH experience increase in price of inputs 0.002 0.063 —0.201 0.108 -0.170 * 0.080 0.263 0.225
Temperature ;_3 (°C) 0.019 * 0.008 0.019 0.012 0.005 0.009 —0.014 0.027
Precipitation;_3 (mm) —0.001 0.001 —0.002 0.002 0.000 0.002 —0.004 0.004
Tigray 0.083 0.072 0.106 0.201 0.252 0.162 0.053 0.423
Afar 0.139 0.136 —0.031 0.147 —0.194 0.212 —0.067 0.316
Ambhara 0.290 *** 0.072 0.352* 0.142 0.206 ** 0.065 0.059 0.329
Benishangul 0.034 0.075 0.140 0.198 0.025 0.162 0.249 0.384
SNNPR 0.156 * 0.077 0.346 * 0.142 0.143 0.105 0.295 0.430
Gambella 0.133 0.109 0.052 0.316 0.208 0.126 0.137 0.540
Harari —0.046 0.079 0.148 0.282 —0.078 0.114 —0.150 0.511
Dire Dawa —0.067 0.121 0.016 0.185 0.528 ** 0.197 0.287 0.330
Constant —0.792 0.248 —0.205 0.498 —0.171 1.445 —0.998 2.365
00 0.006 0.277 —0.567 0.603 —0.297 1.473 —0.407 0.871
01 —0.280 0.546 —0.401 0.222 —1.040 1.035 —1.006 1.384
02 —1.721* 0.726 —0.700 0.978 —0.421 0.568 —2414* 0.959
03 0.092 0.758 1.603 1.113 —0.315 1.177 —0.090 0.387
Log likelihood —1823.238
x2(d.o.f) 1527.89
p-value 0.000
N 2480

*p <0.05,*p <0.01,** p <0.001.
Table A5. Second stage regression: Selectivity correction based on multinomial logit.
Outcome: Multidimensional Poverty Untreated CSA Non-Farm Work Both
Coef. Std. Err. Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

Male headed household 0.028 0.049 —0.159 ** 0.072 0.023 0.131 0.328 0.163
Household head age 0.002 0.002 0.002 0.003 0.005 0.004 0.004 0.004
Household size 0.051 *** 0.009 0.112 *** 0.018 0.058 * 0.031 0.052 0.035
Household head has formal education —0.133* 0.055 0.101 0.117 —0.164* 0.119 0.047 0.325
Livestock owned (TLUs) 0.010 0.008 —0.004 0.006 0.005 0.021 —0.002 0.009
Land size (ha) —0.042* 0.018 0.000 0.032 —0.025 0.021 0.032 0.093
Distance to the nearest road (Km) 0.001 0.001 0.001 0.002 0.005 0.002 0.019 ** 0.006
Distance to the nearest market (Km) 0.000 0.000 0.000 0.001 —0.001 0.001 —0.003 * 0.002
Access to extension service —0.099 0.038 —0.178 0.114 —0.030 0.096 —0.264 0.299
HH experience increase in price of inputs 0.020 0.061 —0.288 * 0.101 —0.240 * 0.129 0.170 0.242
Temperature; 3 (°C) 0.019 ** 0.006 0.021 0.012 0.001 0.013 —0.008 0.028
Precipitation;_3 (mm) 0.000 0.001 0.000 0.002 0.000 0.002 0.001 0.003
Tigray 0.131 * 0.068 0.150 0.255 0.068 0.147 0.409 0.466
Afar 0.112 0.146 —0.017 0.142 —0.284 0.210 0.195 0.360
Ambhara 0.301 *** 0.045 0.412 #** 0.121 0.194 0.090 0.158 0.271
Benishangul 0.041 0.082 0.106 0.241 0.025 0.170 0.070 0.529
SNNPR 0.130 ** 0.066 0.244 0.141 0.027 0.116 0.101 0.344
Gambella 0.184 0.129 —0.069 0.236 0.133 0.180 0.531 0.545
Harari —0.070 0.057 0.377 0.256 —0.203 0.160 0.248 0.367
Dire Dawa 0.048 0.060 0.026 0.194 0.475 ** 0.211 0.676 0.412
Constant —0.817 0.218 —0.471 0.503 0.582 1.173 —3.621* 1.927
00 —0.052 0.265 —0.706 0.586 0.061 1.114 —0.810 0.631
01 —0.379 0.428 —0.306 0.243 —1.164 0.778 —1.885* 0.812
02 —1.728 *#** 0.488 0.686 1.158 —0.882 0.493 —2.007 1.138
03 0.106 0.812 1.522 0.961 0.468 1.050 0.066 0.307
Log likelihood —1823.238
x2(d.o.f) 1527.89
P—value 0.000
N 2480

*p < 0.05,* p < 0.01,** p < 0.001.



Sustainability 2022, 14, 15981 20 of 22

References

1. Barrett, C.; Christiaensen, L.; Sheahan, M.; Shimeles, A. On the structural transformation of rural Africa. J. Afr. Econ. 2017, 26,
11-35. [CrossRef]

2. Hansen, J.; Hellin, J.; Rosenstock, T.; Fisher, E.; Cairns, J.; Stirling, C.; Lamanna, C.; Etten, J.; Rose, A.; Campbell, B. Climate risk
management and rural poverty reduction. Agric. Syst. 2019, 172, 28-46. [CrossRef]

3. Clay, N.; Zimmerer, K. Who is resilient in Africa’s green revolution? Sustainable intensification and climate smart agriculture in
Rwanda. Land Use Policy 2020, 97, 104558. [CrossRef] [PubMed]

4. Grabowski, P; Kerr, J.; Haggblade, S.; Kabwe, S. Determinants of adoption and disadoption of minimum tillage by cotton farmers
in eastern Zambia. Agric. Ecosyst. Environ. 2016, 231, 54—67. [CrossRef]

5. Marenya, P; Barrett, C. State-conditional fertilizer yield response on western Kenyan farms. Am. J. Agric. Econ. 2009, 91, 991-1006.
[CrossRef]

6.  Mekuria, W. The link between agricultural production and population dynamics in Ethiopia: A review. Adv. Plants Agric. Res.
2018, 8, 348-353. [CrossRef]

7. Tittonell, P; Giller, K. When yield gaps are poverty traps: The paradigm of ecological intensification in African smallholder
agriculture. Field Crops Res. 2013, 143, 76-90. [CrossRef]

8. Yigezu, G. The challenges and prospects of Ethiopian agriculture. Cogent Food Agric. 2021, 7, 1923619. [CrossRef]

9.  Cline, W. Global warming and agriculture. Financ. Dev. 2008, 45, 57.

10. Klein, R.; Midglev, G.; Preston, B.; Alam, M.; Berkhout, F.; Dow, K.; Shaw, M. Climate Change 2014: IMPACTS, Adaptation, and
Vulnerability; IPCC Fifth Assessment Report; Cambridge University Press: Cambridge, UK, 2014.

11. Jayne, T,; Sitko, N.; Mason, N.; Skole, D. Input subsidy programs and climate smart agriculture: Current realities and future
potential. In Climate Smart Agriculture; Springer: Cham, switzerland, 2018; pp. 251-273.

12.  Nyasimi, M.; Amwata, D.; Hove, L.; Kinyangi, J.; Wamukoya, G. Evidence of Impact: Climate-Smart Agriculture in Africa; CGIAR
Research Program on Climate Change, Agriculture and Food Security (CCAFS): Copenhagen, Denmark, 2014.

13.  Horner, D.; Wollni, M. Integrated soil fertility management and household welfare in Ethiopia. Food Policy 2021, 100, 102022.
[CrossRef]

14. Morton, J. The impact of climate change on smallholder and subsistence agriculture. Proc. Natl. Acad. Sci. USA 2007, 104,
19680-19685. [CrossRef] [PubMed]

15. Di Falco, S.; Veronesi, M.; Yesuf, M. Does adaptation to climate change provide food security? A micro-perspective from Ethiopia.
Am. ]. Agric. Econ. 2011, 93, 829-846. [CrossRef]

16. Van Ittersum, M.; Van Bussel, L.; Wolf, J.; Grassini, P.; Van Wart, J.; Guilpart, N.; Claessens, L.; De Groot, H.; Wiebe, K,;
Mason-D’Croz, D. Can sub-Saharan Africa feed itself? Proc. Natl. Acad. Sci. USA 2016, 113, 14964-14969. [CrossRef] [PubMed]

17.  Kassie, M.; Teklewold, H.; Marenya, P,; Jaleta, M.; Erenstein, O. Production risks and food security under alternative technology
choices in Malawi: Application of a multinomial endogenous switching regression. J. Agric. Econ. 2015, 66, 640-659. [CrossRef]

18. Dzanku, E; Jirstrom, M.; Marstorp, H. Yield gap-based poverty gaps in rural Sub-Saharan Africa. World Dev. 2015, 67, 336-362.
[CrossRef]

19. Garnett, T.; Appleby, M.; Balmford, A.; Bateman, I.; Benton, T.; Bloomer, P.; Burlingame, B.; Dawkins, M.; Dolan, L.; Fraser, D.
Sustainable intensification in agriculture: Premises and policies. Science 2013, 341, 33-34. [CrossRef]

20. Godfray, H.; Garnett, T. Food security and sustainable intensification. Philos. Trans. R. Soc. B Biol. Sci. 2014, 369, 20120273.
[CrossRef]

21. Juma, C; Tabo, R.; Wilson, K.; Conway, G. Innovation for Sustainable Intensification in Africa; The Montpellier Panel, Agriculture For
Impact: London, UK, 2013.

22.  Pretty, J.; Toulmin, C.; Williams, S. Sustainable intensification in African agriculture. Int. ]. Agric. Sustain. 2011, 9, 5-24. [CrossRef]

23. Asfaw, S.; McCarthy, N.; Lipper, L.; Arslan, A.; Cattaneo, A. What determines farmers’ adaptive capacity? Empirical evidence
from Malawi. Food Secur. 2016, 8, 643—-664. [CrossRef]

24. Bradshaw, B.; Dolan, H.; Smit, B. Farm-level adaptation to climatic variability and change: Crop diversification in the Canadian
prairies. Clim. Chang. 2004, 67, 119-141. [CrossRef]

25. Lipper, L.; Thornton, P.; Campbell, B.; Baedeker, T.; Braimoh, A.; Bwalya, M.; Caron, P.; Cattaneo, A.; Garrity, D.; Henry, K.
Climate-smart agriculture for food security. Nat. Clim. Chang. 2014, 4, 1068-1072. [CrossRef]

26. Kpadonou, R.; Owiyo, T.; Barbier, B.; Denton, F,; Rutabingwa, F.; Kiema, A. Advancing climate-smart-agriculture in developing
drylands: Joint analysis of the adoption of multiple on-farm soil and water conservation technologies in West African Sahel. Land
Use Policy 2017, 61, 196-207. [CrossRef]

27. Ngoma, H. Does minimum tillage improve the livelihood outcomes of smallholder farmers in Zambia? Food Secur. 2018, 10,
381-396. [CrossRef]

28. Mujeyi, A.; Mudhara, M.; Mutenje, M. The impact of climate smart agriculture on household welfare in smallholder integrated
crop-livestock farming systems: Evidence from Zimbabwe. Agric. Food Secur. 2021, 10, 4. [CrossRef]

29. Ogada, M.; Rao, E.; Radeny, M.; Recha, J.; Solomon, D. Climate-smart agriculture, household income and asset accumulation
among smallholder farmers in the Nyando basin of Kenya. World Dev. Perspect. 2020, 18, 100203. [CrossRef]

30. Tambo, J.; Mockshell, J. Differential impacts of conservation agriculture technology options on household income in Sub-Saharan

Africa. Ecol. Econ. 2018, 151, 95-105. [CrossRef]


http://doi.org/10.1093/jae/ejx009
http://dx.doi.org/10.1016/j.agsy.2018.01.019
http://dx.doi.org/10.1016/j.landusepol.2020.104558
http://www.ncbi.nlm.nih.gov/pubmed/32884163
http://dx.doi.org/10.1016/j.agee.2016.06.027
http://dx.doi.org/10.1111/j.1467-8276.2009.01313.x
http://dx.doi.org/10.15406/apar.2018.08.00336
http://dx.doi.org/10.1016/j.fcr.2012.10.007
http://dx.doi.org/10.1080/23311932.2021.1923619
http://dx.doi.org/10.1016/j.foodpol.2020.102022
http://dx.doi.org/10.1073/pnas.0701855104
http://www.ncbi.nlm.nih.gov/pubmed/18077400
http://dx.doi.org/10.1093/ajae/aar006
http://dx.doi.org/10.1073/pnas.1610359113
http://www.ncbi.nlm.nih.gov/pubmed/27956604
http://dx.doi.org/10.1111/1477-9552.12099
http://dx.doi.org/10.1016/j.worlddev.2014.10.030
http://dx.doi.org/10.1126/science.1234485
http://dx.doi.org/10.1098/rstb.2012.0273
http://dx.doi.org/10.3763/ijas.2010.0583
http://dx.doi.org/10.1007/s12571-016-0571-0
http://dx.doi.org/10.1007/s10584-004-0710-z
http://dx.doi.org/10.1038/nclimate2437
http://dx.doi.org/10.1016/j.landusepol.2016.10.050
http://dx.doi.org/10.1007/s12571-018-0777-4
http://dx.doi.org/10.1186/s40066-020-00277-3
http://dx.doi.org/10.1016/j.wdp.2020.100203
http://dx.doi.org/10.1016/j.ecolecon.2018.05.005

Sustainability 2022, 14, 15981 21 of 22

31.

32.

33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Teklewold, H.; Gebrehiwot, T.; Bezabih, M. Climate smart agricultural practices and gender differentiated nutrition outcome: An
empirical evidence from Ethiopia. World Dev. 2019, 122, 38-53. [CrossRef]

Teklewold, H.; Kassie, M.; Kohlin, G. Cropping system diversification, conservation tillage and modern seed adoption in Ethiopia:
Impacts on household income, agrochemical use and demand for labor. Ecol. Econ. 2013, 93, 85-93. [CrossRef]

Tesfaye, W.; Blalock, G.; Tirivayi, N. Climate-Smart Innovations and Rural Poverty in Ethiopia: Exploring Impacts and Pathways.
Am. J. Agric. Econ. 2021, 103, 878-899. [CrossRef]

Bezu, S.; Barrett, C.; Holden, S. Does the nonfarm economy offer pathways for upward mobility? Evidence from a panel data
study in Ethiopia. World Dev. 2012, 40, 1634-1646. [CrossRef]

Hellin, J.; Fisher, E. Climate-smart agriculture and non-agricultural livelihood transformation. Climate 2019, 7, 48. [CrossRef]
Rijkers, B.; Soderbom, M. The effects of risk and shocks on non-farm enterprise development in rural Ethiopia. World Dev. 2013,
45, 119-136. [CrossRef]

Branca, G.; Perelli, C. ‘Clearing the air”: Common drivers of climate-smart smallholder food production in Eastern and Southern
Africa. J. Clean. Prod. 2020, 270, 121900. [CrossRef]

Jirata, M.; Grey, S.; Kilawe, E. Ethiopia Climate-Smart Agriculture Scoping Study; Food and Agriculture Organization of the United
Nations: Addis Ababa, Ethiopia, 2016.

Marenya, P; Kassie, M.; Jaleta, M.; Rahut, D.; Erenstein, O. Adoption of Conservation Agriculture under Alternative Agricultural
Policy and Market Access Indicators: Evidence from Eastern and Southern Africa. In Proceedings of the 29th International
Conference of Agricultural Economists (ICAE), Milan, Italy, 9-14 August 2015.

Teklewold, H.; Mekonnen, A. The tilling of land in a changing climate: Empirical evidence from the Nile Basin of Ethiopia. Land
Use Policy 2017, 67, 449-459. [CrossRef]

The World Bank. Ethiopia—A Country Study on the Economic Impacts of Climate Change; The World Bank: Washington, DC, USA, 2008.
Aragie, E. Climate Change, Growth, and Poverty in Ethiopia; Texas University at Austin; Austin, TX, USA, 2013.

Gezie, M. Farmer’s response to climate change and variability in Ethiopia: A review. Cogent Food Agric. 2019, 5, 1613770.
[CrossRef]

Berhanu, Y.; Angassa, A.; Aune, J. A system analysis to assess the effect of low-cost agricultural technologies on productivity,
income and GHG emissions in mixed farming systems in southern Ethiopia. Agric. Syst. 2021, 187, 102988. [CrossRef]

Tsige, M.; Synnev, G.; Aune, J. Gendered constraints for adopting climate-smart agriculture amongst smallholder Ethiopian
women farmers. Sci. Afr. 2020, 7, €00250. [CrossRef]

Karanja Ng’ang’a, S.; Miller, V.; Girvetz, E. Is investment in Climate-Smart-agricultural practices the option for the future? Cost
and benefit analysis evidence from Ghana. Heliyon 2021, 7, e06653.

Andersson, J.; Giller, K. On heretics and God’s blanket salesmen: Contested claims for Conservation Agriculture and the politics
of its promotion in African smallholder farming. In Contested Agronomy; Routledge: London, UK, 2012; pp. 34-58.

Williams, T.; Mul, M.; Cofie, O.; Kinyangi, J.; Zougmoré, R.; Wamukoya, G.; Nyasimi, M.; Mapfumo, P; Speranza, C.; Amwata,
D. Climate Smart Agriculture in the African Context. In Proceedings of the Feeding Africa Conference, Dakar, Senegal,
21-23 October 2015.

Mutenje, M.; Farnworth, C.; Stirling, C.; Thierfelder, C.; Mupangwa, W.; Nyagumbo, I. A cost-benefit analysis of climate-smart
agriculture options in Southern Africa: Balancing gender and technology. Ecol. Econ. 2019, 163, 126-137. [CrossRef]

Anang, B.; Nkrumah-Ennin, K.; Nyaaba, J. Does off-farm work improve farm income? Empirical evidence from Tolon district in
northern Ghana. Adv. Agric. 2020, 2020, 1406594. [CrossRef]

Mollers, J.; Buchenrieder, G. Effects of rural non-farm employment on household welfare and income distribution of small farms
in Croatia. Q. J. Int. Agric. 2011, 50, 217-235.

Adjognon, G.; Liverpool-Tasie, L.; Benfica, R.; Fuente, A. Rural Non-Farm Employment and Household Welfare: Evidence from Malawi;
The World Bank: Washington, DC, USA, 2017.

Kinyanjui, B.; Barasa, L.; Maende, S.; Mariera, F. Off-Farm Participation, Agricultural Production and Farmers” Welfare in Uganda and
Tanzania; Africa Portal: Johannesburg, South Africa, 2017.

Egyei, R.; Adzovor, P. Household non-farm income: Any influence on agricultural productivity in rural Ghana. Dev. Ctry. Stud.
2013, 3, 79-90.

Broeck, G.; Kilic, T. Dynamics of off-farm employment in Sub-Saharan Africa: A gender perspective. World Dev. 2019, 119, 81-99.
[CrossRef]

Davis, B.; Di Giuseppe, S.; Zezza, A. Are African households (not) leaving agriculture? Patterns of households’ income sources in
rural Sub-Saharan Africa. Food Policy 2017, 67, 153-174. [CrossRef] [PubMed]

Harris, L; Jones, P.; Osborn, T.; Lister, D. Updated high-resolution grids of monthly climatic observations—The CRU TS3. 10
Dataset. Int. J. Climatol. 2014, 34, 623-642. [CrossRef]

Fick, S.; Hijmans, R. WorldClim 2: New 1-km Spatial Resolution Climate Surfaces for Global Land Areas. Int. |. Climatol. 2017, 37,
4302-4315. [CrossRef]

Cooper, M.; Brown, M.; Hochrainer-Stigler, S.; Pflug, G.; McCallum, I; Fritz, S; Silva, J.; Zvoleff, A. Mapping the Effects of
Drought on Child Stunting. Proc. Natl. Acad. Sci. USA 2019, 116, 17219-17224. [CrossRef]

Myers, S.; Bernstein, A. The Coming Health Crisis: Indirect Health Effects of Global Climate Change. F1000 Biol. Rep. 2011, 3, 3.
[CrossRef]


http://dx.doi.org/10.1016/j.worlddev.2019.05.010
http://dx.doi.org/10.1016/j.ecolecon.2013.05.002
http://dx.doi.org/10.1111/ajae.12161
http://dx.doi.org/10.1016/j.worlddev.2012.04.019
http://dx.doi.org/10.3390/cli7040048
http://dx.doi.org/10.1016/j.worlddev.2012.10.013
http://dx.doi.org/10.1016/j.jclepro.2020.121900
http://dx.doi.org/10.1016/j.landusepol.2017.06.010
http://dx.doi.org/10.1080/23311932.2019.1613770
http://dx.doi.org/10.1016/j.agsy.2020.102988
http://dx.doi.org/10.1016/j.sciaf.2019.e00250
http://dx.doi.org/10.1016/j.ecolecon.2019.05.013
http://dx.doi.org/10.1155/2020/1406594
http://dx.doi.org/10.1016/j.worlddev.2019.03.008
http://dx.doi.org/10.1016/j.foodpol.2016.09.018
http://www.ncbi.nlm.nih.gov/pubmed/28413253
http://dx.doi.org/10.1002/joc.3711
http://dx.doi.org/10.1002/joc.5086
http://dx.doi.org/10.1073/pnas.1905228116
http://dx.doi.org/10.3410/B3-3

Sustainability 2022, 14, 15981 22 of 22

61.
62.

63.
64.

65.

66.

67.
68.

69.

70.

71.

72.

73.

Darnell, A. A Dictionary of Econometrics; Edward Elgar Publishing: Cheltenham, UK, 1994.

Fujiie, M.; Hayami, Y.; Kikuchi, M. The conditions of collective action for local commons management: The case of irrigation in
the Philippines. Agric. Econ. 2005, 33, 179-189. [CrossRef]

Alkire, S.; Foster, ]. Counting and multidimensional poverty measurement. J. Public Econ. 2011, 95, 476-487. [CrossRef]

Rubin, D. Estimating causal effects of treatments in randomized and nonrandomized studies. . Educ. Psychol. 1974, 66, 688.
[CrossRef]

Khandker, S.; Koolwal, G.; Samad, H. Handbook on Impact Evaluation: Quantitative Methods and Practices; World Bank: Washington,
DC, USA, 2009.

Araar, A.; Awel, Y,; Boka, J.; Girma, H.; Shafi, A.; Yitbarek, E.; Zerihun, M. Impact of Credit and Training on Enterprise Performance: Evidence
from Urban Ethiopia; Partnership For Economic Policy Working Paper; Partnership for Economic Policy: Québec, QC, Canada, 2019.
Wooldridge, J. Econometric Analysis of Cross Section and Panel Data; MIT Press: Cambridge, MA, USA, 2010.

Bourguignon, F; Fournier, M.; Gurgand, M. Selection bias corrections based on the multinomial logit model: Monte Carlo
comparisons. J. Econ. Surv. 2007, 21, 174-205. [CrossRef]

McFadden, D. Conditional Logit Analysis of Qualitative Choice Analysis. In Frontiers in Econometrics; Zarembka, P., Ed.; Academic
Press: New York, NY, USA, 1973; pp. 105-142.

Lovo, S.; Veronesi, M. Crop diversification and child health: Empirical evidence from Tanzania. Ecol. Econ. 2019, 158, 168-179.
[CrossRef]

Tesfaye, W.; Tirivayi, N. Crop diversity, household welfare and consumption smoothing under risk: Evidence from rural Uganda.
World Dev. 2020, 125, 104686. [CrossRef]

Asfaw, S.; Scognamillo, A.; Di Caprera, G.; Sitko, N.; Ignaciuk, A. Heterogeneous impact of livelihood diversification on household
welfare: Cross-country evidence from Sub-Saharan Africa. World Dev. 2019, 117, 278-295. [CrossRef]

The World Bank. Ethiopia Poverty Assessment: Harnessing Continued Growth for Accelerated Poverty Reduction; The World Bank:
Washington, DC, USA, 2020.


http://dx.doi.org/10.1111/j.1574-0862.2005.00351.x
http://dx.doi.org/10.1016/j.jpubeco.2010.11.006
http://dx.doi.org/10.1037/h0037350
http://dx.doi.org/10.1111/j.1467-6419.2007.00503.x
http://dx.doi.org/10.1016/j.ecolecon.2019.01.005
http://dx.doi.org/10.1016/j.worlddev.2019.104686
http://dx.doi.org/10.1016/j.worlddev.2019.01.017

	Introduction
	Literature Review
	Climate-Smart Agriculture Adoption and Impacts
	Non-Farm Employment and Household Welfare

	Data
	Household Survey Data
	Climate Data
	CSA and Non-Farm Employment
	Welfare Outcomes
	Control Variables

	Empirical Strategy
	Results
	Impacts on Consumption Expenditure
	Impacts on Monetary Poverty
	Impacts on Multidimensional Poverty
	Heterogenous Effects by Consumption Quintiles

	Conclusions and Policy Implications
	
	References

