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S U M M A RY

This dissertation provides empirical evidence on the risk management and welfare ef-
fects of selected climate-smart land and crop management innovations in Sub-Saharan
Africa (SSA). The dissertation comprises five chapters. The introductory chapter high-
lights the repercussions of climate change, soil degradation, post-harvest loss and
population swells on the present and long-term development prospect of SSA. It also
highlights the shift in the current agricultural policy focus towards increased promo-
tion of climate-smart agricultural innovations as a way forward to spur agricultural
growth in the face of environmental risks. The three chapters investigate whether
climate-smart agricultural technologies and practices have the potential to enhance
food and nutrition security, adaptive capacity and protect rural households from con-
tinuously sliding into poverty.

Chapter 2 provides microeconomic evidence on the household welfare effect of con-
servation agriculture (CA), a climate-smart agricultural practice currently receiving
an increasing attention in SSA. The chapter focuses on the analysis of the impact of
CA on household poverty in Ethiopia using panel survey data merged with novel
weather data. The empirical strategy presented is a panel data switching regression
model applied in a polychotomous CA technology choice setting that helps to ac-
count for farmer heterogeneity in the CA choice. The results indicate that minimum
tillage, cereal–legume intercropping and their combination are the CA practices that
reduce rural poverty. Disaggregating the results by rainfall endowment and wealth
groups, we find evidence that the combination of minimum tillage and cereal–legume
intercropping provides better welfare benefits in most circumstances. However, crop
residue retention and its combined use with minimum tillage do not seem to be at-
tractive. While the evidence suggests that CA plays a crucial role in dealing with the
exigencies of being poor and mitigates production risks, we caution against exagger-
ated expectations of CA’s economic benefits and a rigid recommendation of CA.

In the wake of climate change, there is a resurgence of interest in the promotion
of crop diversification as a climate-smart agricultural practice in SSA. Crop diversity
comes as a natural insurance mechanism to safeguard farmers from the adverse effects
of shocks. Using rich panel survey data merged with historical rainfall data, chapter
3 sheds light on the household welfare and consumption smoothing effects of crop di-
versity in rural Uganda. The chapter contributes to emerging development economics
literature that links diversity with household welfare. The empirical analysis is sup-
ported by panel data instrumental variables methods. The response of consumption
to crop diversity for low- and high-consuming households is also estimated using
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quantile regression instrumental variables methods. The results show that increasing
crop diversity contributes to increased consumption and diverse diets. Crop diversifi-
cation provides higher consumption benefits for households in the lower quantile of
the consumption distribution than for households at higher quantiles, indication of its
non-linear and heterogeneous consumption effect. Increased crop diversification also
improves consumption smoothing through reducing households’ reliance on less ef-
fective risk coping strategies such as informal insurance. Overall, the findings suggest
that transforming agriculture towards a more diversified cropping system could be a
viable pathway for improving household nutrition and reducing poverty.

Chapter 4 focuses on the analysis of the impact of improved storage technolo-
gies on household food and nutrition security, consumption expenditure and child
growth in Ethiopia. Using endogenous switching regression models to control for un-
observed and observed heterogeneity between improved storage users and non-users,
we find evidence that use of improved storage technologies increases dietary diver-
sity, reduces the risk of stunted growth for children under 5 years of age and lessens
self-reported food insecurity. More important, the model results show that nonuser
households would have experienced these benefits had they used improved storage
technologies. The chapter contributes to the agricultural innovation adoption and im-
pact literature that seems to be overly focused on preharvest and production.

Chapter 5 concludes with policy implications and suggestions for further research.
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1

I N T R O D U C T I O N

1.1 background

Recent evidence has pointed to a rise in global hunger and food insecurity (FAO et al.,
2018). The challenges are nowhere more severe than in Sub-Saharan Africa (SSA), a
region that confronts a food crisis with many dimensions including hunger and high
tolls of child malnutrition (Gatzweiler and Von Braun, 2016). There is also evidence of
significant interregional disparities in the prevalence of food insecurity (about 30% in
Africa) and the progress towards reducing poverty and child stunting. SSA has seen
the least progress in terms of relative improvement by most standards. For instance,
it continues to see an upward trend in the number of stunted children, whereas other
regions (e.g., Asia) have experienced the largest relative decrease in the prevalence of
stunting (FAO et al., 2018). Over and above, food insecurity and rural poverty remain
pressing development concerns in SSA (Majiwa et al., 2018; Suri, 2011). Countries in
the region at high risk of food insecurity and poverty are those in which the livelihood
of a high proportion of the population depends on agriculture.

Due to the sheer number of people who depend on agriculture for their livelihood
(Davis et al., 2017), increasing agricultural productivity is considered to be an im-
portant stepping stone out of poverty for the rural poor (Bachewe et al., 2017; Christi-
aensen and Demery, 2007; Christiaensen et al., 2011). Likewise, agriculture is uniquely
positioned as a tool to attain the 2030 Sustainable Development Goals (SDG) of the
United Nations targeted at reducing poverty, ending hunger, achieving food and nu-
trition security and promoting sustainable agriculture (FAO, 2016). Despite this en-
thusiasm, the sector continues to underperform in much of SSA, a region where agri-
cultural productivity is low and production is variable (van Ittersum et al., 2016). This
also leads to a debate on the sector’s contemporary role in development despite its
contribution to poverty and hunger reduction in developing countries (Hazell et al.,
2010). Amongst the threats to agricultural productivity in SSA are farmers’ reliance
on unsustainable farming practices (Grabowski et al., 2016; Marenya and Barrett, 2009;
Tittonell and Giller, 2013) and climate variability and extremes.

Climate variability and extremes bring numerous risks to agricultural production,
and impede economic growth and sustainable development (Di Falco et al., 2011; Lo-
bell et al., 2008; Nyasimi et al., 2014; Wood et al., 2014). Although not the single factor,
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they are important drivers behind the recent uptick in undernourishment, hunger,
and food insecurity (FAO et al., 2018). They have the strongest direct impact on food
availability through their adverse effect on agricultural productivity, food production
and cropping patterns. Climate shocks that include the occurrence of extreme rainfall
and/or temperatures or complex events such as droughts are important sources of
low agricultural productivity and income volatility (Di Falco and Chavas, 2009; Di
Falco et al., 2011; Castells-Quintana et al., 2018). For instance, highly erratic rainfall
patterns and rising temperatures turn the production decisions of farmers into a re-
peated gamble to the extent that they are unable to predict the ideal conditions to
plant their crops (Frankema, 2014). Future projections warn that erratic rainfall and
increasing temperatures are likely to reduce agricultural yield for major food crops
and cereal productivity levels in SSA (Cline, 2008). The resulting productivity decline
will compound the stubbornly high levels of poverty and food insecurity in rural areas
of SSA (Barrett et al., 2017; Jayne et al., 2018; Masters et al., 2018). Without adaptation,
the impact of climate change on crop production in the region is expected to worsen
as temperatures increase and become more extreme (IPCC, 2014). In addition to their
direct effects, climate variability and extremes indirectly exacerbate the immediate
and underlying causes of food insecurity, malnutrition and poverty (FAO et al., 2018).
Beyond causing short-term income and consumption fluctuations, climatic shocks can
have long-lasting impact on household well-being by pushing them into poverty traps
(Dercon, 2004; Dercon and Christiaensen, 2011).

Although the impacts of climate change on agriculture and food security are global,
the negative impacts are more pronounced in rural areas of developing countries that
largely depend on rain-fed agriculture (Castells-Quintana et al., 2018). These are the
same areas that already exhibit high rates of hunger and poverty due to their de-
pendence on rain-fed agriculture, poor access to markets and weak adaptive capacity
(IPCC, 2014). Farming households operating in these areas are most affected due to
their vulnerability to weather-related shocks (de Janvry and Sadoulet, 2011) and lack
of resources to cope with or adapt to their effects (Wheeler and Von Braun, 2013).
Their vulnerability and weak adaptive capacity are attributed to the availability of
fewer adaptive options (Brown and Funk, 2008), weak institutions, poor public in-
frastructure, limited access to information on climate-smart innovations (Asfaw et al.,
2018) and declining soil fertility (Godfray et al., 2010; Sanchez, 2002). Climate change
is anticipated to widen the gap between developed and developing countries because
the latter suffer more the negative consequences due to their vulnerability and lack
of adaptive capacity (IPCC, 2014). Moreover, it is expected to deepen intra-African
disparities and aggravate migration (Frankema, 2014; Castells-Quintana et al., 2018).

In addition to the vagaries of climate variability and extremes, soil degradation and
reduced biodiversity are cited to be main constraints to agricultural productivity and
long-term growth prospects in SSA (Godfray et al., 2010; FAO, 2013; Juma et al., 2013).
The main reasons for soil degradation are inefficient production methods, which cause

2



1.1 background

a loss of soil carbon and soil fertility decline. The farming systems in SSA are charac-
terised by low levels of soil carbon or organic matter, highly weathered soils and high
rates of nutrient depletion. Low levels of soil organic matter lead to less capacity for
soils to hold nutrients and moisture stress (Winterbottom et al., 2013). It also reduces
fertiliser uptake and fertiliser use efficiency that potentially contribute to low agricul-
tural productivity growth. Low crop yields, land degradation, loss of soil fertility and
periodic drought are perhaps the major contributors to hunger and poverty among
smallholder farmers in SSA. Through its adverse effects on livelihood and agricultural
productivity, soil degradation could drag poor households into poverty trap (Asfaw
et al., 2016; Dercon and Christiaensen, 2011; Dzanku et al., 2015). As part of the so-
lution to this problem, farmers will need to abandon practices that contribute to soil
degradation (Winterbottom et al., 2013).

Postharvest loss of crops presents another significant challenge for food security.
Postharvest losses create food production inefficiencies, deforestation and potential
global warming (Affognon et al., 2015; Lybbert and Sumner, 2012). Estimates show
that about one-third of global food production is lost after harvest with the figure
ranging from 20—60% (Tefera et al., 2011). The value of postharvest loss in SSA is esti-
mated to be enough to feed nearly 48 million people and reduce the demand for cereal
imports (Juma et al., 2013; Stathers et al., 2013). The major reasons for postharvest loss
in SSA include low levels of improved storage technologies, poor infrastructure, weak
institutions, limited knowledge and other managerial and technical constraints (FAO
et al., 2018). Moreover, climate fluctuation and climate change events such as increas-
ing temperatures and humidity harm post-harvest aspects. Given low crop production
in SSA, postharvest loss will exacerbate food insecurity, hunger, and rural poverty.

Amidst the aforementioned challenges, the world population is expected to soar
from its current level of about 7 billion to 10 billion by 2050, of which, about one-
fifth is expected to happen in SSA. Although the large population expansion in SSA
is not a problem by itself, its speed and timing are already putting unprecedented
pressure on the agricultural sector and the adaptive capacity of societies (Gatzweiler
and Von Braun, 2016; Jayne et al., 2018). The increase in population is accompanied
by a disproportionate increase in demand for food (FAO, 2011; United Nations, 2009).
In SSA, agricultural output would need to more than double by 2050 to meet the
increased demand. Under current land management practices, population growth
predictions, and present production and consumption trends, the food production
systems in SSA will meet only 13% of the continent’s food needs by 2050 (Juma
et al., 2013). Due to the increasing challenges of climate change, rapid population
growth, soil fertility decline and postharvest loss, agriculture in SSA faces significant
challenges to increasing food production and feeding a growing population without
significantly increasing the area under cultivation. How SSA can avert the Malthu-
sian doom scenario is uncertain, especially in the face of a changing climate. This is
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a policy and development challenge far greater than what we faced during the Green
Revolution (GR); (Gatzweiler and Von Braun, 2016).

While agricultural development through increasing agricultural productivity with
the help of the GR inputs (e.g. chemical fertilizer) continues to play a crucial role,
the multiple challenges of climate change and growing population demand new ap-
proaches to produce diverse and nutritious crops and mitigate the negative effects
of agriculture on climate. Moreover, some argue that the GR technologies cause envi-
ronmental risks, erode biodiversity, are costly and could leave the poor behind. This
urges the need for a new paradigm shift in African agriculture that ensures inclusive
climate change adaptations relying on grassroot innovations and farming practices
(Godfray et al., 2010). Sustainable agricultural intensification, which entails increasing
agricultural productivity on existing farmlands without adverse effects on the envi-
ronment, is suggested to be the way forward to meet the food demand for the ever-
increasing population in SSA in the face of climate change (Frankema, 2014; Garnett
et al., 2013; Godfray and Garnett, 2014; Pretty et al., 2011). The sustainable intensi-
fication paradigm is strongly linked with and enabled by climate-smart agriculture
(CSA). Due to its capacity to unite the agendas of agriculture, development and cli-
mate change, CSA now dominates the current discussions in agricultural development
(Arslan et al., 2017; FAO, 2013; Lipper et al., 2018).

Figure 1.1: Safe operating space: Link between climate change, agriculture and food security
Source: Beddington et al. (2012).
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As can be seen from figure 1.1 (left panel), we are not currently operating in the
safe space and that with present trends, we are likely to operate outside the safe
space by 2050. Avenues to safe production space include the adoption of climate-smart
agricultural practices that would reduce food loss (e.g. storage innovations), mitigate
climate change (e.g. conservation agriculture), and climate change adaptation and
yield improvements (e.g. crop diversification, conservation agriculture); (Beddington
et al., 2012; Neufeldt et al., 2013; Rockström et al., 2009). Climate-smart technologies
and practices would help farmers either to move towards the existing production
possibilities frontier or push out the frontier of production possibilities (FAO, 2014).
Through their potential to support sustainable agricultural productivity growth in the
face of climate variability and extremes, these innovations are feasible options to ‘’find
the equilibrium and equity between the needs of the present and future generations”
(Beuchelt and Badstue, 2013). The transition towards a climate-smart agriculture and
food system is characterised by a technological approach that emphasises the role of
opportunities and constraints of local ecologies and a political economy approach that
focuses on incentive structures (Frankema, 2014; Saj et al., 2017).

Climate-smart agricultural innovations (technologies and practices) have the poten-
tial to sustainably increase agricultural productivity, mitigate environmental degrada-
tion, increase farmers’ resilience and stimulate inclusive growth (FAO, 2010; United
Nations, 2011). They hold a promise to bolster sustainable agricultural production to
meet current and future food needs through reducing climate-induced risks, green-
house gas emissions and postharvest loss (Foley et al., 2011; Godfray and Garnett,
2014; Frankema, 2014; Lobell et al., 2008).They also would help to increase the ca-
pacity of smallholder farmers to deal with low and unpredictable crop yields (Win-
terbottom et al., 2013), reduce the vulnerability of households and agricultural sys-
tems to climate change and enhance the adaptive and risk management capacities of
households (Bradshaw et al., 2004). In addition to addressing the triple challenges of
food security, adaptation, and mitigation, they serve as a bridge to other development
goals. Increased adoption of climate-smart agricultural innovations could be one of
the strategies to improve human nutrition, conquer poverty and hunger, and promote
long-term inclusive growth in SSA without jeopardizing the needs of future genera-
tions. Thus, they could be important drivers of the progress towards the triumph of
the SDGs 1 and 2 (poverty and hunger reduction) and 7 (tackling the effects of cli-
mate change); (FAO et al., 2018). This dissertation aims to provide empirical evidence
to justify this position.

1.2 research questions

The overarching objective of this dissertation is to investigate the risk management
and welfare effects of selected climate-smart agricultural innovations in SSA with
a focus on Ethiopia and Uganda. It provides empirical evidence that increases our
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understanding of the scale of adoption of the climate-smart technologies and practices
as well as the drivers, opportunities and constraints associated with these innovations.
Such evidence provides useful policy insights for CSA interventions.

The dissertation addressess the following key research questions:

1. What is the impact of conservation agriculture (CA) on rural poverty? Are the
impacts heterogeneous with reference to differences in rainfall and resource en-
dowments? (Chapter 2)

2. How does increasing crop diversity affect household consumption, aggregate
household diets and risk coping behaviour? Does crop diversity generate hetero-
geneous consumption benefits for low-consuming (poor) and high-consuming
(wealthy) households? (Chapter 3)

3. What are the food and nutrition security and welfare impacts of improved food
storage techniques? (Chapter 4)

1.3 study countries and data

In this dissertation, the focus is on two countries in SSA: Ethiopia and Uganda. Lo-
cated in eastern Africa, the countries share many of the development challenges in the
region including climate change and variability (IPCC, 2014). Agriculture is the major
employer and source of livelihood for the majority of the population in both coun-
tries. The sector is mainly rain-fed and thus vulnerable to rainfall and temperature
variability. Unfavourable weather and climate conditions including the occurrence of
drought, increasingly unreliable rainfall and gradually increasing temperatures are
among the main challenges to achieving food security in eastern Africa. The impacts
of climate variability and extremes on agricultural production are contributing to food
and nutrition insecurity, poverty, migration, conflicts, and other challenges in the re-
gion. Both countries make positive strides to catch up after a long period of poor
performance (Noguera-Santaella, 2017). Despite a remarkable progress in reducing
hunger and malnutrition in the last two decades, the countries are among those with
a precarious food security situation and prevalent rural poverty.

Among the climate-smart agricultural technologies and practices being promoted
in the countries to improve productivity, food availability and resilience to climate
shocks include crop diversification, conservation agriculture (rotations, intercropping,
mulching, and reduced tillage) and postharvest loss mitigation techniques (FAO, 2013;
Jirata et al., 2016).1 This dissertation aims to provide empirical evidence on the eco-
nomic impacts of conservation agriculture, crop diversification and improved crop
storage methods in the two countries.

1 See https://ccafs.cgiar.org/publications/climate-smart-agriculture-uganda.XCzTD1xKjcs for Uganda
and https://ccafs.cgiar.org/publications/climate-smart-agriculture-ethiopia.XCzUKFxKjcs for
Ethiopia.
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1.4 theoretical foundations and impact pathways

Data for the dissertation (Chapters 2 and 4) primarily come from the Ethiopian So-
cioeconomic Survey (ESS). The ESS is a joint project between the World Bank Living
Standards Measurement Study-Integrated Surveys on Agriculture (LSMS-ISA) and
the Central Statistical Agency of Ethiopia. The ESS collects data in the periods 2011/12,
2013/14 and 2015/16. Uganda National Panel Survey (UNPS), which spans the pe-
riod 2009/10 to 2011/12, is the other data set used in the dissertation (Chapter 3).
Both surveys are nationally representative and collect panel data on household char-
acteristics, consumption and food security, shocks and coping strategies, agricultural
production and crop disposition patterns. The panel nature of the datasets helps us
generate policy-relevant findings and important contributions to the literature. The
households are also georeferenced. This allows merging the household survey data
with weather data extracted from Climate Hazards Group InfraRed Precipitation with
Station (CHIRPS).

The findings of the study will support policy actions to transform and reorient agri-
cultural systems to support development and food and nutrition security effectively
and sustainably under a changing climate. Ethiopia and Uganda are among the few
African countries where initiatives are being made towards identifying suitable policy
and institutional frameworks that support the uptake of CSA (Arslan et al., 2017; Jirata
et al., 2016). Uganda, in particular, has made progress in integrating climate change
into national development plans as well as agricultural policies and programmes. This
includes the development of a national CSA framework programme, the launching of
the agriculture sector’s National Adaptation Plan (NAP) process, and the formulation
of a national climate change policy (Arslan et al., 2017). Therefore, providing empiri-
cal evidence on the economic impacts of climate-smart agricultural technologies and
farming practices will provide inputs for policy development and implementation. To
this purpose, we provide evidence that will be important for policy makers in agri-
culture, environment and development to ensure emerging policies and strategies on
climate change, agriculture and food security.

1.4 theoretical foundations and impact pathways

Schumpeter (1939) is perhaps the first to define innovation in the academic literature
in relation to an economic context (FAO, 2014). According to him, innovation is the
introduction of a new production method or inputs into a production system. Inno-
vation also includes a new good, a new attribute of an existing good or a new organi-
zational method. Mirroring Schumpeter’s definition, the Organisation for Economic
Cooperation and Development (OECD) and Eurostat emphasize that innovation en-
tails the implementation of a new or improved product, process, a new marketing
approach or a new organizational method (OECD and Eurostat, 2005). World Bank
(2010) defines innovation as technologies or practices that are being diffused to a
given economy or society. This definition underlines that innovation embraces the
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use of existing knowledge and finding new solutions to existing problems that would
eventually benefit the society.

This dissertation adopts a working definition of innovation specific to agriculture
and that focuses on the impact on food and nutrition security, risk management, sus-
tainable natural resources management and economic development outcomes (FAO,
2012, 2014). Drawing on this definition, climate-smart innovations include technolo-
gies and farming practices (e.g., new types of crops), farm production processes (e.g.,
conservation agriculture) and postharvest management (e.g., improved crop storage)
that are diffused to improve farm productivity, climate change adaptation and mitiga-
tion. These innovations are diverse and range from farm-level techniques to interna-
tional policy and finance mechanisms (Arslan et al., 2015). Climate-smart innovations
in farming systems occur through developing, adapting and adopting new ideas, tech-
nologies and processes for the purpose of improving agricultural production and farm
management (Juma et al., 2013; FAO, 2014). They involve complex processes with
many actors that include farmers, extension and development agents, government,
scientists, donor organizations, and private firms. Successful innovations often spread
through communities and societies via various channels such as farmer-to-farmer ex-
tension, government extension, observations (farmers field days) and interventions.
Furthering agricultural innovations requires an effective agricultural innovation sys-
tem that includes enabling economic and institutional environment.

Among the prominent technological innovations that fall under Climate Smart Agri-
culture (CSA), this dissertation focuses on conservation agriculture, crop diversifica-
tion and improved crop storage technologies. The primary reason for focusing on
these innovations is their primacy in recent policy dialogues in SSA. We analyse the
potential of these CSA technologies and practices in improving household welfare
and risk management. We also investigate the drivers of farm households’ decision to
use these innovations with a focus on the role of climatic factors, household character-
istics, and the institutional environment. Furthermore, we demonstrate the possible
pathways through which the innovations would affect the different welfare and risk
coping metrics.

1.4.1 Conceptual framework

The central focus of this dissertation is to establish the link between climate-smart
innovations and food system outcomes. In the spirit of the sustainable livelihoods
framework (SLF), farm households’ decision to adopt climate-smart agricultural in-
novations could be influenced by livelihood assets (Asfaw et al., 2018; Beuchelt and
Badstue, 2013). The livelihood assets include natural capital, human capital, physi-
cal capital, financial capital and social capital. The assets can be represented by a
set of household demographic characteristics as well as infrastructural, farm, and
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biophysical characteristics (Asfaw et al., 2018; Beuchelt and Badstue, 2013). They in-
fluence households’ preferences, labor availability, and liquidity constraints (Dercon,
1996; Feder et al., 1985; Rosenzweig and Binswanger, 1993). Thus, they determine
households’ vulnerability to climate change and related events, productivity gains
and household welfare amongst rural smallholders (Gatzweiler and Von Braun, 2016;
Asfaw et al., 2018).

Livelihood assets also interact with institutions, and influence households’ adaptive
capacity and well-being. Formal and informal institutions play an important role in
affecting households’ innovation and livelihoods. Their effect can be either enabling or
inhibiting. They would affect innovation through their effect on facilitating access to
markets, labor, and credit. They can also affect the preferences of households through
shaping beliefs and values, which in turn affect their production, marketing, and
consumption decisions (Beuchelt and Badstue, 2013). Other important determinants
of farmers’ decision to uptake climate-smart innovations include farmer heterogeneity
in terms of benefits and costs of the innovations (Suri, 2011).

Climate-smart innovations are theorized to affect food system outcomes i.e., the
end outcomes of farm households’ livelihood strategies, such as consumption, food
security (dietary diversity, coping strategies, food consumption expenditure), human
capital development (child growth), income (farm revenue or profits), poverty, risk
coping (informal insurance, involuntary change of diets), and natural resource sus-
tainability. Ultimately, they contribute to agricultural and economic development (e.g.
increasing income through higher yields) and human development (e.g. better nutri-
tion). The impact of climate-smart agricultural innovations on food system outcomes
is primarily channelled through their influence on food system activities. The food
system activities include natural resources (land, soil, water) management, farm pro-
duction, storage, marketing, and consumption (Beuchelt and Badstue, 2013). The next
section discusses the potential channels through which the three climate-smart agri-
cultural technologies and practices affect household welfare and risk coping.

1.4.2 Impact pathways

Agricultural households in developing countries are largely exposed to a plethora of
climatic and non-climatic shocks that could undermine their ability to maintain their
livelihood asset base or to reinvest in agriculture because of the possibility of further
losses. They are vulnerable to shocks mainly due to weak adaptive capacity because
of lack of resources, market failures, and poor institutional arrangements (Asfaw et al.,
2018). These households may react to the various idiosyncratic and covariate shocks
they face using ex-ante risk management strategies and ex-post risk coping strategies.
They cope with a shortfall in food or income following a climate shock (ex-post) and
adapt their livelihood strategies (ex-ante) in the context of climate variability. Farm
households adopt climate-smart innovations primarily to respond to welfare issues

9



1 . introduction

and environmental risks they confront. The innovations could help them withstand
the deleterious effects of climate variability and extremes (FAO, 2010). They would
also help farm households turn bad outcomes from climate-related risks into oppor-
tunities through their self-protection (mitigation) and self-insurance (adaptation) ben-
efits (Ehrlich and Becker, 1972; Hanley et al., 2007). The innovations considered in this
dissertation are theorised to affect households’ welfare and risk management through
various channels.

The welfare impacts of CA are often channelled through its impact on intermediate
outcomes. The immediate outcomes from CA use include improved farm productiv-
ity, reduced cost of production and reduced risk of crop failure. CA can contribute to
poverty reduction by enhancing the natural resources base (land, soil, water) and by
allowing farmers to produce more with the resources and inputs they already have
that would ultimately increase farm productivity. It would improve adaptive capacity
and household welfare by reducing the downside risk of crop failure and enhancing
ecosystem services (Neufeldt et al., 2013). CA, in a broader sense, will contribute to
agricultural growth, food security and welfare by increasing income, reducing produc-
tion costs (relaxing production constraints) and ensuring the efficient use of resources
(Godfray et al., 2010; Hobbs et al., 2008; FAO, 2014). However, the welfare benefits
would be constrained by the high opportunity cost of some CA practices such as the
use of crop residues for conservation.

In environments characterised by repeated exposure to shocks and market imper-
fections but absent formal risk management schemes, crop diversity could act as a
natural insurance or self-insurance mechanism. Crop diversification is among the ex-
ante strategies that could also be considered a low-risk production strategy. It could
primarily help farmers smooth income streams over time and decrease income risk
(Arslan et al., 2017). It would improve household welfare and consumption smooth-
ing by reducing the downside risk of crop failure and enhancing ecosystem services.
In addition to its risk management benefits, crop diversity would support nutrition
security in the context of market failures or poor market access. Households’ decision
to engage in risk coping could also be determined by their ex-ante livelihood strategies.
Households with ex-ante risk management strategies would avoid or reduce use of ad-
verse risk coping or consumption smoothing strategies that have higher opportunity
costs. Some coping strategies may increase households’ vulnerability to future shocks
and put them in an intransigent poverty trap (Dercon, 2002; Dercon and Christiaensen,
2011). Thus, crop diversification would improve household welfare (e.g. consumption,
income) and risk coping (consumption smoothing). However, not all households take
crop diversification as a precautionary response to exogenous shocks.

Imperfections in savings and credits markets and postharvest losses create diffi-
culties for farmers to convert harvest season output into lean season consumption,
thereby leading to consumption shortfalls and hunger during lean seasons (Basu and
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Wong, 2015). Reducing postharvest losses encourage food storage, and thus increase
the amount of food available to farm households for their own consumption or for sale
to market (Park, 2006). This could be achieved using improved food storage technolo-
gies that would reduce storage loss, ultimately improving consumption smoothing
and allowing farmers to benefit from temporal price enhancements (if food is stored
for sale at a later period). Thus, postharvest storage technologies can be effective
means of transferring and allocating food across the harvest and lean seasons. Food
storage can be viewed as a subsidy of lean season consumption, making it relatively
cheaper than consuming food during the harvest season (Basu and Wong, 2015). It
can help to smooth consumption in the lean season by preventing harvest season con-
sumption (substitution effect) and increasing food security in both the harvest and
lean seasons. The use of improved storage technologies would enable farmers to keep
food stocks as insurance against unanticipated food shortages. They could also pre-
vent sales of harvest at a low price (time utility), which would increase household
income (income effect) that can be invested in other development outcomes. Reduc-
ing postharvest losses can also reduce the likelihood that households become net food
buyers, reduces total household expenditures on food and free up resources for other
household benefits such as health and education (Lipinski et al., 2013). Crop storage
also serves as a commitment device for savings by discouraging frequent withdrawals
(Ashraf et al., 2006) or by enabling households to increase self-control or reduce social
pressure to consume (Baland et al., 2011).

1.5 structure of the dissertation

This dissertation aims to increase our understanding of the microeconomic challenges
facing rural households in SSA. We study the choices households make in the agricul-
tural production process to cope with the issue of climate risks and food insecurity.
The study follows a food systems approach to investigate how climate-smart agricul-
tural innovation can bring about smart farming and improve welfare, productivity
and risk management. There are three focal areas. Under the first focal area, focusing
on the production side, we focus on CA as a strategy to offset the adverse impacts
of climate change and soil nutrient constraints on food production. Under the sec-
ond area, we find crop diversity that helps farm households to balance the goals of
improving household welfare and risk management. The third focal area relates to
food storage practices that reduce postharvest loss, climate-related food safety and
price risk concerns. In what follows, we highlight the research gap addressed and the
contribution of the study to the literature and the policy discourse.

Chapter 2 investigates the potential of CA in poverty reduction in Ethiopia. Given
that most Ethiopians still live in rural areas and make their livelihoods in agriculture,
this chapter presents a sobering portrait of the potential of CA practices in dealing
with the exigencies of being poor. CA is among the agricultural production systems
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that have received attention for its potential to sustainably improve productivity along
with its climate change adaptation and mitigation benefits. However, the existing lit-
erature on CA seems more focused on its adoption and yield and agronomic benefits.
While considerable evidence exists about its agroecological and ecosystem benefits,
there is a dearth of evidence on CA’s welfare impacts. Due to lack of rigorous empiri-
cal evidence, there are contentions surrounding the viability and suitability of CA in
the farming systems of SSA.

To contribute to this knowledge gap in the literature, we investigate the impact of
CA on rural poverty in Ethiopia. A panel data endogenous switching regression in a
polychotomous technology choice setting is used because it has both theoretical and
empirical appeals to control for structural differences in observed and unobserved
characteristics of the CA technology users and non-users. The chapter provides evi-
dence that minimum tillage, cereal–legume intercropping and their combination are
the CA practices that contribute to rural poverty reduction among farm households.
These CA practices have significant effect on increasing farm productivity, reducing
the cost of production and curbing the risk of crop failure. We also disaggregate
the impacts of CA on poverty for households with different exposure to rainfall
shocks and resource endowments. Furthermore, the chapter demonstrates how cli-
mate anomalies, soil nutrient constraints, and demographic factors predict CA use
decisions. The detailed analysis of the impact and determinants of CA use provides
evidence that could help to explain the uneven and unstable CA adoption puzzle in
SSA.

In chapter 3, we empirically examine the household welfare and risk coping impacts
of crop diversification using panel data from Uganda. Rural households confront a
multitude of weather and related shocks that have significant repercussions on their
well-being (Beegle et al., 2006; Dercon, 2004; Kassie et al., 2015; Kazianga and Udry,
2006). In the absence of adequate risk management mechanisms such as insurance,
credit markets or formal social safety nets (Rosenzweig and Wolpin, 1993; Udry, 1990),
rural households in developing countries often react to environmental and economic
shocks through crop diversification (Arslan et al., 2017; Asfaw et al., 2018; Kassie
et al., 2015). Recent agricultural development policies in SSA also focus on promoting
crop diversification as a climate-smart agricultural practice to manage climatic risks,
generate ecological benefits and build livelihood resilience (Arslan et al., 2017; Michler
and Josephson, 2017). While there are many seminal works and a growing body of
literature that have established the link between risk, diversification and investment
(Carter et al., 2007; Dercon, 2002; Dercon and Christiaensen, 2011; Rosenzweig and
Wolpin, 1993), the welfare and consumption smoothing effect of crop diversity has
only recently began receiving attention.

Although the economic benefits of crop diversification seems to be clear from the
literature, the emerging work on the topic fails to address some basic issues that moti-
vate the current study. To contribute to the emerging literature that links crop diversity
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and household welfare, the chapter empirically investigates (a) the effect of crop di-
versity (ex-ante risk management strategy) on household welfare metrics (household
consumption expenditure and dietary diversity) and (b) the link between crop diver-
sity and consumption smoothing or risk coping in the form of solidarity networks
of relatives and friends (informal insurance) or involuntary change in diets (ex-post
coping strategies). Building on insights found in recent empirical works, we address
the issue of endogeneity using climate variables and village level crop diversification
as instruments for crop diversification. Panel data instrumental variables methods are
used to control for reverse causality and unobserved heterogeneity in crop diversifi-
cation. We also test if crop diversity generates non-linear and heterogeneous welfare
effects using a quantile IV regression. The results are also contrasted with alternative
econometric specifications and assumptions about exogeneity of crop diversification.

The primary finding from the chapter is that crop diversification is an attractive
strategy to improve household nutrition and consumption. The finding suggests that
for farm households that are primarily producers, growing a wider diversity of crops
can improve dietary diversity and hence enures diet quality. Crop diversity both in-
creases welfare on average and provides higher welfare benefits (as measured by con-
sumption expenditure) for the poor segment of the sample than for households at the
higher tail of the consumption distribution. This suggests that crop diversity could be
a pro-poor strategy and could be a concerted pathway out of poverty. The results also
show that crop diversification reduces households’ reliance on informal insurance
as a risk-coping or consumption smoothing strategy ex-post shocks. From policy per-
spectives, crop diversification could play a central role in the forward-looking climate
change agenda that aims to create a climate- and nutrition-smart food system.

The economic role of crop storage in the face of exogenous shocks can be best
explained by the Biblical account of Joseph’s interpretation of the Pharaoh’s dream
(Genesis 41:1-36). Joseph foretold Pharaoh that, 7 years of abundant harvest would be
followed by 7 years of famine, and he recommended the king accumulate grain during
the good years as a hedge against the famine years. The topic attracts theoretical and
empirical works that focus on investigating actors’ motives for commodity (including
crop) storage. Economic theory asserts that food storage plays a pivotal role in con-
sumption smoothing (at farm level) and stabilising the economy (at the national level)
in the face of exogenous disturbances. In a seminal work, Renkow (1990) showed
that price seasonality (variation) alone partially explains food storage decisions un-
der farm risk. The economic literature also elucidates that consumption smoothing
(food security) and temporal price arbitrage are the two main economic motives for
crop storage decisions in semi-subsistence economies (Park, 2006; Saha, 1994; Saha
and Stroud, 1994). Park (2006) emphasizes that the food security or consumption
smoothing motive is a stronger driver for crop storage. There is a well-established
literature that links households’ production decisions (e.g. technology adoption) and

13



1 . introduction

welfare outcomes to the neglect of the link between postharvest storage innovations
and household welfare outcomes.

Chapter 4 contributes to the storage economics and agricultural innovation adop-
tion and impact literature by exploring the effect of improved crop (food) storage
technologies on household food and nutrition security, consumption expenditure and
child growth in Ethiopia. The empirical strategy presented is endogenous switching
regression framework that helps to account for selectivity bias due to observable and
unobservable factors, and to capture the differential impacts of improved crop storage
on users and non-users. The results are also contrasted with estimates obtained using
quasi-experimental techniques. The primary finding of the chapter is that the use of
improved storage innovations increases dietary diversity and reduces self-reported
food insecurity at the household level. However, the effect on consumption expen-
diture is insignificant. This finding, to some extent, indicates that the food security
objective of households is a major driving force for their crop storage decisions. The
results also provide evidence that improved storage technologies help improve child
growth by reducing the prevalence of stunted growth for children under 5 years of
age. The findings suggest that improved storage innovations could have the capacity
to reduce food insecurity, combat hunger and increase human development.

Overall, this dissertation provides evidence relevant to the development, marketing,
and promotion of climate-smart agricultural technologies and farming practices in the
agriculture and food security sectors. The chapters in the dissertation contribute to the
emerging literature on CSA and the policy discourse centred on climate-smart prac-
tices and their potential benefit in improving household welfare. Such information is
also useful for initiating a transition towards a more climate-resilient agricultural pro-
duction and food systems. More importantly, given the effects of climatic factors on
economic outcomes such as agricultural output, health, and economic growth, gener-
ating evidence regarding the benefits of climate-smart innovations is essential to the
effective design of contemporary economic policies and institutions.
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C O N S E RVAT I O N A G R I C U LT U R E A N D P O V E RT Y I N R U R A L
E T H I O P I A *

2.1 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 signifi-
cant 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 underper-
form 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).
Farm households pay the heaviest toll since their livelihood is dependent on rain-fed
agriculture and they operate in environments characterized by weak institutions (Der-
con 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 rural households’ incen-
tives 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 declining soil fertility (Marenya et al., 2015; Grabowski et al., 2016), feeding a surg-
ing 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 sys-
tems of SSA are capital-deficient, prone to weather extremes and have poor quality
soils (Marenya and Barrett, 2009; Kassie et al., 2015), the development and promotion

* The chapter is co-authored with Nyasha Tirivayi (UNU-MERIT) and Garrick Blalock (Cornel Uni-
versity). The work is part of the Structural Transformation of African Agriculture and Rural Spaces
(STAARS) fellowship.
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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 practices 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 (hereafter CA) is an example of a group of climate-smart
agricultural practices that promote sustainable production and can improve house-
holds’ 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 intercropping, 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 environmental degradation
(Hobbs et al., 2008).1 CA can play both a climate change adaptation (self-insurance)
and mitigation (self-protection) role against environmental (rainfall and soil fertility
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).2

Studies related to this body of the literature have also tried to delve into the debate

1 Although 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/agricul-
tural productivity, increased income and greater resilience (Neufeldt et al., 2011). See Steward et al.
(2018) for a recent meta-analysis on the adaptive capacity benefits of CA in the tropics and sub-tropics.

2 There is lag of 2-5 cropping seasons until yield benefits from CA become significant and contribute
to increased profitability (Thierfelder et al., 2017). However, some CA practices have short term and
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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 analyz-
ing its productivity impacts (Teklewold et al., 2013; Arslan et al., 2015; Ngoma et al.,
2016; Jaleta et al., 2016; Teklewold and Mekonnen, 2017; Ngoma, 2018), production
risk-reducing effects (Kassie et al., 2015), and adaptive capacity benefits (Kassie et al.,
2015; Arslan et al., 2015, 2017). 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). 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 in-
cidence in Uganda. Very recently, Tambo and Mockshell (2018) analyze the impact of
CA adoption on household income using data from nine SSA countries and find that
CA has no impact on income in Ethiopia. These studies are based on cross-sectional
data which may limit the analysis from fully controlling for unobserved endogene-
ity (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 im-
portant 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 chapter aims to make contributions to the literature by establishing an em-
pirical link between CA (single practices and combinations) and household poverty
while addressing potential selection bias and unobserved endogeneity. We answer an
important question in the literature regarding whether CA help lift rural households
out of poverty. To elucidate the possible impact pathways, we assess the impact of CA

immediate benefits such as reduced labor demands and cost of farm inputs that make them attractive
for farmers.
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on farm productivity (crop income), production cost and risk of crop failure. More-
over, we investigate the distributional effect of CA adoption by looking at impacts
across rainfall endowments and wealth groups. The study is based on a panel house-
hold survey data from Ethiopia provided from the Living Standards Measurement
Study-Integrated Surveys on Agriculture (LSMS-ISA) of the World Bank merged with
a historical rainfall data extracted from the Climate Hazards Group InfraRed Precipita-
tion with Station data (CHIRPS). The rich nature of the data helps us examine the role
of a wide vector of socioeconomic, farm characteristics and biophysical (rainfall and
soil) conditions in determining variation in CA use and household poverty. The em-
pirical strategy used is multinomial endogenous switching regression (MESR) model
combined with panel data estimator that allows us to account for farm heterogeneity
in the decision to use CA and to account for potential endogeneity bias due to time-
invariant and time-varying unobservable factors. The study provides new insights
that help explain the unstable and low uptake of CA (particularly a combination of
CA practices) and feed into the current polarised policy debate regarding the attrac-
tiveness of CA in SSA. Overall, the chapter provides insights that can help in targeting
CA initiatives for climate change adaptation, agricultural transformation and poverty
reduction.

The rest of the chapter is structured as follows. Section 2.2 provides an overview of
the study country (Ethiopia) with a focus on the prevailing development challenges
and the promotion of CA in the country. Section 2.3 presents a theoretical model that
guides the choice of the empirical strategy described in section 2.4. Section 2.5 dis-
cusses the data (sources) and provides descriptive statistics results. The main findings
of the study are presented and discussed in section 2.6. The last section concludes
with policy implications.

2.2 country context and ca promotion

Agriculture is the core sector of the Ethiopian economy and the main source of liveli-
hood for a significant proportion of the population (Di Falco and Veronesi, 2013; Abro
et al., 2014; Bachewe et al., 2017).3 The sector is primarily rain-fed that makes it prone
to various weather-related shocks and stresses such as spatial and temporal tempera-
ture and rainfall variability and drought (Teklewold et al., 2013; Di Falco and Veronesi,
2013). As a result, the sector is characterized by low and variable agricultural produc-
tivity. Harvest failure due to weather events is the most important cause of risk-related
hardship in the country with adverse effects on household welfare (Dercon, 2004; Der-
con et al., 2005). Other key drivers of low agricultural production and productivity
include farmers’ reliance on unsustainable farming practices that lead to soil degrada-
tion. Low agricultural productivity, coupled with consistent population growth and

3 Detail information can be found here: https://ccafs.cgiar.org/publications/climate-smart-agriculture-
ethiopia.XCzUKFxKjcs
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other structural and institutional impediments, leads to food insecurity, persistent
poverty and impaired social and economic development in the country. Poverty is
pervasive and widespread particularly in rural Ethiopia (Abro et al., 2014; Bachewe
et al., 2017). More than 40% of the rural population lives below the national poverty
line (Michler and Josephson, 2017; Verkaart et al., 2017).

Tackling climate change and land degradation are major priorities for Ethiopia to
reduce the depth and extent of poverty. In response to the aforementioned interrelated
development challenges, a multitude of agricultural development activities have been
undertaken in Ethiopia. CA is one of the numerous agricultural development activities
employed in Ethiopia to improve crop productivity while addressing issues related to
climate change, poor soil fertility, and preserving the underlying natural resource base
(Marenya et al., 2015; Jirata et al., 2016).4 The 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; Tessema et al., 2016). Although the results from the initial
periods of CA implementation were not appealing, encouraging results (in terms of
improved crop yields) were obtained from further trials (Sime et al., 2015; Jirata et al.,
2016).

Since the initial periods of trials and introduction, different organizations have been
promoting CA in different regions of Ethiopia. FAO collaborates with federal and re-
gional agricultural offices and provided technical and financial support for CA pro-
motion through demonstration plots, introducing different CA equipments (including
jab planters and oxen-drawn seed and fertilizer planters) and training of extension
agents in Amhara, Oromia and Tigray regions starting from 2010. The International
Maize and Wheat Improvement Center (CIMMYT), in a joint effort with national and
regional research organizations (mainly the Ethiopian Institute of Agricultural Re-
search), has been conducting CA trials and demonstrations in various parts of the
country. In 2012 and 2013, Agricultural Transformation Agency (ATA) of Ethiopia
supported 6,000 farmers in 7 districts who practiced CA, trained 327 experts and 750

development agents (Jirata et al., 2016). Ethiopia’s Climate Resilient Green Economy
strategy also advocates CA (mainly zero or reduced tillage) as one of the climate
change adaptation options (Teklewold and Mekonnen, 2017). Other stakeholders in-
volved in the promotion of CA in Ethiopia include Ministry of Agriculture, the Na-
tional Agricultural Research System (NARS) and numerous non-governmental orga-
nizations (NGOs) (Jirata et al., 2016).

4 See Jirata et al. (2016) for the various projects and programs that have been supporting sustainable land
management and climate change adaptation activities in Ethiopia.
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2.3 theoretical framework

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

The household 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 choice of 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 2.1). For each CA practice or combi-
nation 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 poverty is complicated due to the
non-separability of households’ production decisions and consumption preferences
(Singh et al., 1986; de Janvry et al., 1991). Rural households in rural Ethiopia operate in
an environment characterized 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. Imperfect rural labor
markets, information asymmetry 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). Credit market imperfection
also limits households’ investment in capital-intensive innovations (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 could also be determined based on differences in expected net
farm returns (farm profits) between CA and non CA or Conventional farming (CF).
The profit functions for CA and non-CA (CF) farmers at time t can be represented as
the difference between revenue and costs as follows

πCA
it = ∑ pitYCA

it − ∑ ωit,mXCA
it,m (2.1)
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πCF
it = ∑ pitYCF

it − ∑ ωit,mXCF
it,m (2.2)

where YCA
it and YCF

it are the vector of crop yields for the ith CA and non CA (CF)
farmers, respectively. pit is a vector of crop prices which is assumed to be same for
CA and non-CA farmers since there could be no distinction in the output market
for CA and CF crops; Xit and wit are vectors of inputs and input prices, respectively.
Let the expected profit (or net income) from CA and non-CA be denoted by π∗

it
CA

and π∗
it

CF, respectively. The farmer decides to choose CA over CF if the optimized
farm profit from CA exceeds the optimized farm profit from without CA, i.e., when
π∗

it
CA > π∗

it
CF.

To understand the impact of CA on poverty, we must consider the various path-
ways through which CA would affect poverty. The poverty reducing effects of CA
could primarily be channelled through its farm level impacts. CA would affect house-
hold 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 profit functions), CA use decisions based on farm
profits will primarily depend on yield and input use differences across CA and CF.
Differences in yield and input use could 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 structure,
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 incre-
mental increase in consumption or income could help households grow out of poverty.

CA would affect household poverty through its potential role in reducing produc-
tion costs (Tambo and Mockshell, 2018) and mitigating production risks (Teklewold
et al., 2013; Kassie et al., 2015) that would enhance farm income. In addition, CA prac-
tices 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 house-
hold labour requirements for weeding if pesticides are not used, and thus reduce
household income and consumption expenditure (Giller et al., 2009; Arslan et al.,
2014). The other key channel through which CA would affect household poverty is
through its risk buffering effect (Arslan et al., 2017; Michler et al., 2018). 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.

Estimating the causal effect of CA on poverty is not easy. Unobserved farmer-
specific comparative advantage (the gain from CA choice) might influence the de-
cision to use CA (Suri, 2011). Comparative advantage also plays a key role in esti-
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mating the impact of CA on household poverty. CA choice could also be affected by
time-invariant unobserved factors and time-varying (transitory) shocks that may also
affect household poverty. Therefore, estimating the impact of CA on poverty without
controlling for unobserved heterogeneity will lead to biased estimates. The next sec-
tion discusses the empirical strategy utilized to measure impact of CA on household
poverty while addressing for farmer heterogeneity.

2.4 empirical strategy

Estimating the effects of CA on household poverty and farm level outcomes is inher-
ently subject 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 ran-
domly assigned to CA users and non-users, they will self-select into CA use based
on their capacity and expected returns which are heterogeneous (Wu and Babcock,
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. 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 heterogene-
ity 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). Regression of the
outcomes on CA without correcting for the potential self-selection and unobserved
heterogeneity may lead to erroneous estimates for the impact of CA adoption.

With panel data, the impact of CA can be recovered by addressing some of the en-
dogeneity concerns raised above. For instance, fixed effects (FE) can help to control
for unobserved endogeneity through eliminating the effect of time-invariant charac-
teristics. 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 unob-
servable factors have homogeneous effect on household poverty for both CA users
and nonusers. This is a stringent assumption since the economic outcomes of CA
can be heterogeneous due to both observed and unobserved factors (Suri, 2011; Pan-
nell 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 and out of CA use during the course of the panel due to changes in
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unobservable factors that could also affect the outcomes (Suri, 2011). Thus, standard
regressions cannot help us take full account of farmer heterogeneity (Suri, 2011).5

To circumvent selection bias due to time-invariant and time-varying unobservables,
we employ panel endogenous switching regression (ESR) model (Malikov and Kumb-
hakar, 2014). Since households face a CA use decision of a polychotomous nature, we
utilize a multinomial ESR (MESR) model. Since separate outcome regressions are esti-
mated 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 welfare equation (Di Falco and
Veronesi, 2013; Kassie et al., 2017). The other 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 combi-
nation. 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,jβ j + υij + νit,j if Cit = j

− otherwise
(2.3)

with

C∗
it,j = zit,jαj + ui + ηit,j (2.4)

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 vectors 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.
β j and αj are parameters to be estimated. Least squares estimation of the outcome

5 Standard 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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equation may not give consistent estimate of β j 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 (equation 2.3) is estimated
using a multinomial endogenous switching regression (MESR) model in a two-stage
framework (Bourguignon et al., 2007; Malikov and Kumbhakar, 2014).

The first stage involves modelling the drivers of CA choice. Households’ CA choice
(regime switching) is determined by 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 a 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 CA technology set k i.e., if εit,j =

max
k 6=j

(C∗
it,k − C∗

it,j) < 0.

We specify the latent model that describes farmer’s CA adoption behaviour follow-
ing Di Falco and Veronesi (2013) and from equation 2.4

C∗
it,j = Zit,jαj + ui + ηit,j (2.5)

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)

(2.6)

In equation 2.5, Zit,j is a vector of variables that would affect the probability of choos-
ing CA technology set j. Likewise, ui and ηit,j represent farmer heterogeneity and the
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). Under the assumption that ηit,j is independent and identically Gum-
bel distributed across all CA sets (the independence of irrelevant alternatives or IIA
hypothesis) (Bourguignon et al., 2007; McFadden, 1973), equation 2.5 leads to multi-
nomial logit model of the following form

pit,j = Pr(Cit = j|Zit, ui) =
exp(aj + Zitαj + ui)

∑J
k=1 exp(ak + Zitαk + ui)

, j = 1, ..., J (2.7)

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).
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Wealth (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. Time period
and region dummies are introduced to capture temporal and spatial differences in
agro-ecology, price, and institutions (Suri, 2011; Kassie et al., 2017). aj represents the
specific constant term of CA technology set j. The parameter of interest is γj which
measures the effect of the determinants of CA adoption.

Equation 2.7 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 + ei. In addition to controlling 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 to generate consistent estimates since the approach accom-
modates dependence between unobserved effects and the explanatory variables in the
model. From the first-stage estimates, we derive the Inverse Mills Ratio (IMR) terms
that serve as selectivity correction terms in the second stage.6

In the second stage, we estimate Ricardian-type outcome equation models (Mendel-
sohn et al., 1994) conditional on the selected CA technology set with selectivity correc-
tion, 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 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 or regime only, a simple comparison of the outcomes
for CA users (the selected regime) and nonusers (reference category) will yield incon-
sistent 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.

6 λit,j =
φ[Jε jit (.|Γ)]
Φ[Jε jit (.|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 = {Zαj; Z̄πj; j = 1, ..., J}. The selection correction terms are computed for each regime
separately. The distributional and linearity assumptions and alternative approaches are discussed by
Malikov and Kumbhakar (2014) and Bourguignon et al. (2007).
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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,J β J + λ̂it,JσJ + (λ̂it,JT)ψJ + υi J + εit,J , if j = 1, ..., J
(2.8)

where j = 0 denotes the null category where neither of the CA practices nor their
combinations 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. Since the factors
that 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 (2.7) 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
ordinary least squares models for the outcomes. Pooled models are preferred since se-
lection 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 multinomial logit model, we uti-
lize the Mundlak (1978) approach to attenuate the effects of unobserved heterogene-
ity. 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 ex-
planatory variables (for observations that appear in both periods) as: υi = γX̄i + bi
with bi ∼ I IN(0, σ2

b ) 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 ex-
clusion restrictions because we estimate separate outcome regressions for CA users
and nonusers (Malikov and Kumbhakar, 2014; Kassie et al., 2017). However, it is often
important to use exclusion restrictions in addition to those automatically generated
by the nonlinearity of the IMRs obtained from the selection model. Previous stud-
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ies used past experience of extreme weather events (e.g., drought) and information
sources (e.g., government extension, farmer-to-farmer extension, information from ra-
dio) 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 man-
agement 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 con-
firm 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 A.11 in Appendix A).

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 com-
puted as:

E(Yit,J |j = J) = Xit,J β J + λ̂it,JσJ + (λ̂it,JT)ψJ + X̄i JγJ , j = 1, 2, ..., J (2.9)

where X̄i J 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,J β0 + λ̂it,Jσ0 + (λ̂it,JT)ψ0 + X̄i Jγ0, j = 1, 2, ..., J (2.10)

In equation 2.10, 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 vari-
ables are as they are defined above. Equation 2.10 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
equations 2.9 and 2.10 (Kassie et al., 2017; Khonje et al., 2018) as follows
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ATT = E(Yit,J |j = J)− E(Yit,0|j = J)
= (β j − β0)Xit,J + (σJ − σ0)λ̂it,J + (ψJ − ψ0)(λ̂it,JT) + (γJ − γ0)X̄i J

(2.11)

The first term of equation 2.11 ((β j − 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)X̄i J) is attributed to outcome changes because of differences in
time-invariant unobservables.

2.5 data and descriptive statistics

2.5.1 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 Author-
ity of Ethiopia.7 The household survey collects detailed information on household
socioeconomic characteristics, income sources, 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 col-
lects information on extension services related to crop production and natural re-
sources 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 and soil in our analysis.

The LSMS-ISA provides high-quality household consumption data for poverty anal-
ysis (Farris et al., 2017). We utilize information on socioeconomic variables such as
farmer characteristics (e.g. age, gender, education, household size), wealth (land hold-
ing, livestock wealth, asset holding, 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 considerations for policy mak-
ing. 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 chapter is based on data from the latest two waves

7 Details 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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2.5 data and descriptive statistics

(2013/14 and 2015/16) with a focus on rural Ethiopia. Attrition for the rural house-
hold 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 Pre-
cipitation 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 day (and months) within
the village from 1981 to 2014. Then, we aggregate the village level daily and 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.

2.5.2 Conservation agriculture use pattern

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 surface.8

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.9 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. This leads to 8 possible CA technology
set choice. 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

8 Crop 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.

9 Since 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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the context of Ethiopia (Marenya et al., 2015; Tessema et al., 2015; Teklewold and
Mekonnen, 2017).

Table 2.1: Pattern of CA combinations adoption (%)

CA
sets

Frequency (%)

2013 2015 Pooled

None (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 set consists of a binary variable for the CA practices – minimum tillage (T), crop residue re-
tention (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 different test is provided in table A.1
(Appendix A).

Table 2.1 summarizes the use pattern of CA 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 dimin-
ished 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
(Giller et al., 2009; Pannell et al., 2014). The percentage of households that practice
crop residue retention or mulching only has increased from about 1% to 2.4% over
the panel period. 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).
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What is even more surprising in our data is that the adoption of the different com-
binations of the CA practices is very low (table 2.1). 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.
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 also makes identifying the mechanism of impact less clear.
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 A.12,
A.13 and A.14 in Appendix A for combined categories and results).

Another interesting feature of CA use pattern is transition or switching behaviour
of households 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 A.2 (Appendix A). 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 use. Such switching behaviour could be
due to differences in observed and unobserved time-invariant and time-variant factors.
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Although we do not explicitly model CA transitions, we take account of switching
behaviour and related issues in our empirical estimations.

2.5.3 Household poverty

Household poverty is estimated using a monetary measure of household welfare.
In this study, aggregate consumption expenditure is used to base the calculation of
household poverty. The total household consumption expenditure is first calculated by
aggregating the estimated total value of food and non-food expenditures.10 The aggre-
gate consumption expenditure is adjusted for differences in the nutritional or calorie
requirement of different household members by dividing it with an adult equivalence
scale. The per adult equivalent nominal consumption expenditure is deflated using
the consumer price index (CPI) obtained from Central Statistical Authority of Ethiopia
to account for the spatial and temporal differences in the costs-of-basic needs.

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

pα =
1
N

q

∑
i=1

[z − ci

z

]α
(2.12)

where z denotes the national poverty line established by the Ministry of Finance
and Economic Development (MOFED) of Ethiopia, ci is the per adult equivalent con-
sumption expenditure estimated from the survey data for the ith poor household, N is
the sample size and q is the number of households whose consumption expenditure
is below the national poverty line. Three poverty indices are computed by varying
the 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 as it indicates how far the poor are from the national poverty line. A value
of α = 2 provides a measure of severity of poverty or the degree of inequality among
the poor.

In our sample, the proportion of households below the national poverty line sig-
nificantly increased from about 41% in 2013/14 to 46% in 2015/16. Recent studies by
Zeng et al. (2015), Michler and Josephson (2017), and Verkaart et al. (2017) also report
comparable rates. To better understand how the incidence of poverty changes over

10 The value of food consumption is computed as the total value of consumption from home production,
market purchases and gifts estimated using the median price calculated at the lowest geographical unit.
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 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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2.5 data and descriptive statistics

the two periods, we present poverty transition matrix analysis. The results show the
presence of a significant movement of the sample households in and out of poverty
over the two periods. 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. Interestingly, about 37% of the poor in
2013/14 moves out of poverty in 2015/16, whereas 34% of the non-poor also moves
into poverty. 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 2.2 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.

2.5.4 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 produc-
tivity 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, the value of farm production or crop income could be a better indi-
cator to reflect the ultimate impacts of farmers’ decisions (such as CA adoption) on
their welfare. We take the value of crop harvested instead of the value of crop sold
to measure value of production using prices at the most appropriate transaction level
(farm gate or community levels based on data availability). Crop production expendi-
tures are 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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2.6 econometric results

Table 2.2 shows that there is a considerable difference in crop income and cost of
production per hectare between CA and non CA households. The simple bivariate
analysis shows that the average net crop income per hectare for the pooled sample
is 6,423.70 - 9,240.60 Ethiopian Birr (ETB). The per hectare cost of production also
ranges between 681.90 - 1,128.90 ETB. CA users tend to 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.

2.6 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.

2.6.1 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 A.4 (Appendix A). 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 pooled multinomial logit model with farmer’s
heterogeneity.

Household (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 house-
hold 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 conser-
vation farming adoption in Zambia. Agricultural asset wealth reduces the probability
of crop residue retention but increases the probability of adopting a combination of
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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 as-
set 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 evi-
dence 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 natu-
ral resources management in determining CA use. While increase in the quality of
advice on crop production 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 significant 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 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 ma-
jor road is often associated with improved transportation and information, remote
households may lack information about the benefits of CA. CA use is negatively as-
sociated 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
determinants of CA use. Interestingly, farm households who face minimal soil nutri-
ent constraints are less likely to adopt minimum tillage. Furthermore, the adoption of
crop residue retention and conservation tillage is negatively correlated with the num-
ber 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 find-
ing 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 rain-
fall level in the previous agricultural 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 combination of minimum
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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).

2.6.2 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 Appendix
A (see Tables A.5, A.6 and A.7). Table 2.3 provides the actual and counterfactual
outcomes and the treatment effect estimates (ATT) from the panel data multinomial
endogenous switching regression.

Table 2.3: 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 mini-
mum 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 probability 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 finding is that, the combined use
of minimum tillage with cereal-legume intercropping reduces the probability of be-
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ing 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 2.3 also provides evidence on the link between CA and other poverty in-
dices. An interesting result is the significant effect of minimum tillage in reducing
both the poverty gap and poverty severity. However, crop residue retention and the
combination of crop residue retention and minimum tillage appear to be a least attrac-
tive option 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 the poverty gap and poverty sever-
ity. The totality of our findings suggests that having crop residues in the CA tech-
nology 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 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 2.4). 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.11

11 We follow Ward and Shively (2015) and Michler et al. (2018) to calculate rainfall shock. Rainfall

shortage is calculated as: rit =
∣∣∣ Rit−R̄i

σit

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

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 2.4: 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 ex-
perience 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 endow-
ments, 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 its 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 conser-
vation 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 lat-
ter result is interesting as cereal-legume intercropping is itself a land-saving practice
in land-constrained circumstances. The results show that this CA pillar has signifi-
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cant poverty reducing effects for households with land holdings at the lowest quar-
tile (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.

2.6.3 Impact Pathways

To help 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, costs of production and risk of crop failure.

2.6.3.1 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 2.5. 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 2.5: 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
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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 wel-
fare impact of cereal-legume intercropping and the combination of minimum tillage
with cereal-legume intercropping (Mason and Smale, 2013; Zeng et al., 2015).

2.6.3.2 Impact of CA on cost of production

The estimates for the impact of CA on the cost of production are provided in Table 2.6.
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 the labor
demand reducing effect of minimum tillage(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.

Table 2.6: 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.
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2.6.3.3 Impact of CA on risk of crop failure

In areas plagued by low rainfall and poor soil fertility that increase the level of envi-
ronmental 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 risk of crop failure
by 1.6 percentage points compared to the counterfactual scenario (table 2.7). However,
crop residue retention, cereal-legume intercropping and conservation tillage have no
significant impact on the probability of crop failure. The results show that the combi-
nation 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 demon-
strate that the risk-reducing (and other) benefits of CA are mainly driven by the in-
teraction of minimum tillage with cereal-legume associations (Thierfelder et al., 2013;
Kassie et al., 2015). Arslan et al. (2015) also find that legume intercropping reduces
the prevalence of very low yields and yield shortfalls in Zambia.

Table 2.7: 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 com-
bination) could be increased crop income, reduced cost of production and reduction
of the risk of crop failure.

2.7 conclusion

Climate-induced shocks are common occurrences in developing countries with neg-
ative consequences on the welfare and adaptive capacity of rural households. Con-
servation agriculture (CA) is one of the climate smart agricultural practices receiving
increasing attention in SSA as a panacea to the problems associated with conven-
tional agriculture. In an environment characterized by repeated exposure to exoge-
nous shocks and poor soils, CA could be an effective strategy for reducing the risk
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of crop failure associated with climatic factors, improving soil fertility and increas-
ing household welfare. Using recent panel data from Ethiopia and historical weather
data, this chapter assesses the impact of CA on household poverty. A multinomial
endogenous 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 chapter provides up-to-date evidence on the drivers of CA use in Ethiopia
and the potential 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 temperature), 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
that minimum tillage and its combined 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 re-
source poor households. Crop residue retention and conservation tillage increase 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 agro-
nomic practices that could be adopted by farmers as an ex-ante strategy to improve
household welfare and reduce exposure to production risks.

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 house-
holds 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
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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 cli-
mate 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 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 differen-
tiates 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 pro-
vide 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 agricul-
tural 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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Table A.1: 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.
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Table A.2: 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 A.3: 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

(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)

(table continued on next page)
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Table A.3 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1 Pooled

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 A.4: 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)
(table continued on next page)
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Table A.4 . . . continued

T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

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 A.5: 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)
Standard deviation 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)
(table continued on next page)
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Table A.5 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

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 A.6: 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)
Standard deviation 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)
(table continued on next page)
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Table A.6 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

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 A.7: 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)
Standard deviation 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)
(table continued on next page)
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Table A.7 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

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 A.8: Estimates of net crop income equations

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size -196.751 -464.283 -171.012 694.348 -618.433 371.838

(399.781) (343.291) (3655.110) (2705.728) (1136.401) (692.448)
Male headed -1192.210 -3855.024** -59.382 -5712.150 2471.908 4.458

(2064.609) (1878.947) (4393.846) (10743.376) (6642.111) (5451.663)
Age of head -34.710 30.304 1146.638 -80.885 112.992 83.508

(70.056) (56.236) (1524.846) (357.729) (260.750) (145.545)
Head education 287.224 -1668.089* -2076.941 1855.902 5057.587 -885.708

(1258.756) (936.388) (10074.644) (7458.746) (4239.576) (2676.223)
Labor days (log) 1272.321*** 1603.139*** -1529.299 2050.579 880.202 1944.040**

(320.583) (306.306) (3221.756) (1355.563) (1440.537) (827.364)
Agricultural asset wealth 1051.390*** 516.428 -2828.332 3550.351** -1651.327 -774.870

(390.183) (348.012) (3842.957) (1649.872) (1667.021) (865.678)
Credit access -714.084 219.718 11760.498 2661.471 -1590.205 2106.766

(824.074) (613.345) (9141.270) (3918.754) (3424.552) (1490.185)
Livestock holdings (log) 56.348 76.385 1793.839 -668.712 476.891 -607.812

(203.547) (205.828) (1574.534) (669.645) (629.391) (459.743)
Land size (log) -2460.354*** -2199.007*** -6410.986 -5002.507* -4353.371* -4051.341***

(536.293) (554.601) (5261.310) (2979.809) (2354.642) (1060.449)
Distance to road, Km -48.947*** -13.486 -127.333 -31.758 14.557 -3.933

(12.507) (11.241) (285.830) (113.319) (44.127) (33.531)
Distance to market 24.806*** -15.687*** -30.979 -12.543 -31.009* -38.603*

(9.092) (5.835) (50.579) (29.884) (18.222) (22.481)
Inorganic fertilizer 397.994 -1065.569 -2252.234 -5907.172* -2052.481 1165.342

(1098.665) (902.270) (6856.218) (3167.826) (3512.289) (1536.001)
Organic fertilizer 2082.507* -1672.729** 480.508 -1932.542 -1331.059 -121.836

(1063.816) (764.286) (8196.525) (2885.977) (3316.755) (2061.536)
No soil nutrient constraint -1627.195** 439.711 2536.438 -348.547 3451.200* -555.459

(779.397) (515.586) (6983.656) (2440.043) (2024.978) (1268.836)
Good quality soil plots 15.088 -6.048 -218.874 -306.980 -96.753 -343.408

(190.139) (194.469) (2386.471) (680.228) (958.213) (345.044)
Poor soil quality plots 381.977 311.715 1276.296 1142.839 -503.141 287.270

(238.553) (208.204) (2533.467) (938.912) (1164.884) (568.040)
Price rise of farm inputs -2830.146*** 1040.898 -2597.827 -806.892 2757.322 5796.897***

(952.513) (774.079) (9006.248) (4423.134) (3049.102) (1949.368)
Mean temperature 148.637 65.690 647.950 -26.845 -226.116 -165.603

(141.131) (75.633) (955.681) (790.155) (266.683) (279.193)
Rainfall previous year 5.375 4.974 -18.147 31.500 -42.786** 9.551

(4.939) (4.001) (45.675) (20.997) (18.188) (10.497)
Average rainfall -22.441*** -19.428*** 15.637 -19.658 25.864 3.366

(8.089) (5.038) (68.835) (48.865) (28.384) (15.105)
Standard deviation of rainfall 23.747** -15.341 72.941 -75.673 -69.779* -26.544

(10.674) (9.681) (142.428) (73.791) (38.423) (36.821)
Mundlak variables 33.15*** 30.53** 4.55 12.48 11.48 16.02

Year (=2015/16) 1739.941 547.002 -1.24e+04 9535.789 4529.843 5668.081

(1519.790) (1712.170) (39017.080) (7798.773) (9680.480) (3678.269)

(table continued on next page)
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Table A.8 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

IMR -1.13e+04*** -7576.402** 935.876 3659.136 7822.636 -3870.308

(3655.358) (3108.336) (21836.732) (12407.070) (4765.074) (4487.060)
IMR X Year -4981.260*** 2027.845 3623.821 -1492.845 -3640.901 -3313.738*

(1475.940) (1658.302) (15257.266) (3379.121) (4698.758) (1936.301)
Constant -4513.284 5987.795 1681.493 1500.294 -1.05e+04 16460.630

(3039.072) (4652.009) (71921.761) (46005.919) (13410.366) (15201.083)
Region Yes Yes Yes Yes Yes Yes

Observations 1,947 2,453 99 177 220 334

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 A.9: Estimates of cost of production equations

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size 170.954*** 74.351 -72.409 353.409* 45.572 -21.659

(64.789) (51.125) (344.042) (214.017) (158.371) (95.106)
Male headed 194.738 54.020 -96.289 -181.537 -137.999 607.260

(348.770) (235.058) (502.865) (641.449) (548.761) (420.075)
Age of head -5.506 -26.271* 42.003 -0.167 -2.951 2.725

(12.043) (14.837) (128.308) (25.508) (31.684) (18.201)
Head education 138.771 -65.907 -690.593 367.825 -351.903 -1128.036

(178.174) (109.668) (1024.194) (464.616) (492.795) (753.476)
Agricultural asset wealth -27.105 -16.929 -88.504 -123.349 -65.982 111.149

(67.201) (50.481) (418.384) (114.274) (137.770) (129.038)
Credit access 4.123 -32.536 -761.143 393.646 197.647 -41.616

(99.127) (86.740) (815.540) (356.369) (271.165) (197.398)
Livestock holdings (log) -39.768 -15.462 45.842 35.474 -33.512 297.702*

(40.436) (24.882) (111.461) (41.296) (62.694) (164.854)
Land size (log) -354.599*** -374.944*** -487.952 54.636 -400.321* -84.841

(91.604) (91.608) (526.841) (138.014) (207.744) (182.600)
Distance to road -4.750** 2.242 1.784 -12.872 -2.352 -11.199***

(2.359) (1.589) (23.466) (8.460) (6.303) (4.251)
Distance to market -3.922*** -0.861 -0.774 0.025 -0.398 -0.844

(1.414) (0.702) (4.760) (2.437) (1.778) (2.082)
No soil nutrient constraint 67.584 -81.442 390.989 28.742 395.668* -9.749

(137.900) (76.135) (712.433) (143.878) (207.216) (147.730)
Good quality soil plots 55.247 6.598 -103.121 -105.014* -25.390 -14.724

(35.638) (22.189) (263.505) (59.205) (74.310) (43.123)
Poor soil quality plots -17.635 2.603 208.829 169.435 90.029 -62.429

(38.964) (22.181) (226.380) (132.264) (127.203) (62.645)
Organic fertilizer -261.476 122.013 -437.747 -287.724 -141.032 -146.352

(183.239) (99.286) (662.098) (247.119) (359.206) (230.544)
Price rise of farm inputs -101.553 -123.957 247.230 -190.599 191.712 180.061

(132.075) (76.391) (958.701) (455.441) (400.781) (284.123)
Mean temperature -61.912*** -35.389*** 73.077 -53.287 -10.396 11.550

(21.640) (11.686) (89.043) (59.528) (40.027) (36.751)
Rainfall previous year -0.658 0.473 2.708 -1.463 2.836 -1.026

(0.734) (0.632) (4.899) (1.466) (2.239) (1.769)
Average rainfall 0.927 -0.816 2.874 -6.520* 1.265 -1.679

(1.083) (0.774) (7.991) (3.923) (2.437) (1.707)
Standard deviation of rainfall -1.168 -2.872** 14.092 4.053 2.313 7.648*

(1.776) (1.330) (13.943) (5.560) (4.945) (4.330)
Mundlak variables 19.57 19.53 6.27 7.00 12.43 13.50

Year (=2015/16) 1058.871*** -110.428 -1794.507 597.982 803.821 360.831

(242.003) (210.842) (3031.686) (668.972) (925.550) (468.402)
IMR 1426.777*** 1103.003** -905.650 1831.424* -68.761 371.875

(537.979) (443.781) (2051.211) (1056.405) (471.487) (531.331)
IMR X Year -765.825*** 28.843 757.146 426.520 -184.210 -223.330

(233.313) (263.919) (1192.250) (341.274) (421.683) (312.575)

(table continued on next page)
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Table A.9 . . . continued

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Constant 1208.453** 581.684 -524.420 -3553.204 714.384 -1457.527

(474.151) (603.815) (6767.380) (3427.986) (1479.981) (1649.474)
Region Yes Yes Yes Yes Yes Yes

Observations 2051 2535 104 180 230 336

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 A.10: Estimates of risk of crop failure equations

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Household size -0.014 -0.040*** -0.044 0.042 0.014 0.005

(0.015) (0.014) (0.094) (0.085) (0.048) (0.037)
Male headed 0.113 0.104 -0.024 -0.391 -0.024 -0.027

(0.094) (0.113) (0.123) (0.309) (0.234) (0.221)
Age of head 0.003 -0.003 -0.029 -0.001 -0.009 0.001

(0.003) (0.003) (0.034) (0.008) (0.011) (0.007)
Head education -0.054 0.005 -0.118 0.275* -0.119 -0.003

(0.053) (0.047) (0.239) (0.159) (0.232) (0.135)
Agricultural asset wealth 0.010 0.017 0.071 0.033 0.046 -0.043

(0.018) (0.015) (0.119) (0.040) (0.064) (0.038)
Credit access 0.063* 0.141*** 0.016 0.193 -0.170 -0.156*

(0.032) (0.034) (0.267) (0.156) (0.123) (0.088)
Livestock holdings (log) -0.005 0.005 -0.022 0.011 0.017 0.038

(0.008) (0.008) (0.041) (0.027) (0.033) (0.026)
Land size (log) -0.008 0.001 0.100 0.218** 0.014 0.021

(0.023) (0.021) (0.157) (0.098) (0.082) (0.066)
Distance to road 0.002*** 0.001** 0.004 -0.004 0.003 -0.001

(0.001) (0.001) (0.008) (0.003) (0.002) (0.002)
Distance to market -0.001*** -0.000 -0.002 0.000 -0.001 0.001*

(0.000) (0.000) (0.001) (0.001) (0.001) (0.001)
No soil nutrient constraint -0.030 -0.100*** -0.006 0.015 0.015 0.111**

(0.030) (0.027) (0.167) (0.087) (0.094) (0.055)
Good quality soil plots -0.006 0.001 0.068 -0.003 -0.021 0.002

(0.010) (0.009) (0.075) (0.027) (0.044) (0.019)
Poor soil quality plots -0.021* 0.003 0.008 0.054 -0.012 0.018

(0.012) (0.009) (0.069) (0.034) (0.059) (0.021)
Organic fertilizer -0.017 0.044 0.131 -0.042 -0.139 -0.067

(0.041) (0.039) (0.226) (0.116) (0.152) (0.086)
Price rise of farm inputs 0.086** 0.093*** -0.210 0.074 0.080 -0.044

(0.035) (0.036) (0.268) (0.151) (0.133) (0.089)
Mean temperature 0.003 0.003 0.034 0.026 0.014 -0.004

(0.005) (0.004) (0.028) (0.031) (0.011) (0.013)
Rainfall previous year 0.000 0.000 -0.001 0.001 0.000 0.001

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

(0.000) (0.000) (0.002) (0.002) (0.001) (0.001)
Standard deviation of rainfall 0.000 -0.000 -0.000 0.000 -0.001 0.001

(0.001) (0.000) (0.004) (0.003) (0.002) (0.001)
Mundlak variables 19.22 39.18*** 6.49 14.27 6.26 12.17

Year (=2015/16) 0.071 0.120* 0.301 0.586* 0.469 0.307

(0.063) (0.067) (1.174) (0.301) (0.540) (0.191)
IMR 0.129 0.418*** 0.000 0.918** -0.051 0.238

(0.123) (0.138) (0.577) (0.459) (0.277) (0.196)
IMR X Year 0.134** -0.096 -0.007 -0.143 -0.236 -0.066

(0.065) (0.067) (0.451) (0.143) (0.239) (0.100)

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

T0R0C0 T1R0C0 T0R1C0 T0R0C1 T1R1C0 T1R0C1

Constant 0.719*** 0.218 0.060 -1.645 0.959 0.106

(0.125) (0.210) (1.910) (1.943) (0.762) (0.702)
Region Yes Yes Yes Yes Yes Yes

Observations 2052 2529 104 180 229 336

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.
parentheses. Standard errors in * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.11: Test on validity of the exclusion restrictions

Head count 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***

(table continued on next page)
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Table A.11 . . . continued

Poverty headcount Poverty gap Poverty severity Crop income Cost of prod.

(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

Table A.12: 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), counterfactual outcome without CA scenario (C) and difference in actual outcome and
counterfactual outcome as impact (ATT). Standard errors are not reported to save space. *p < 0.10,
**p < 0.05, ***p < 0.01.
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Table A.13: 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 A.14: 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), counterfactual outcome without CA scenario (C) and difference in actual outcome and

counterfactual outcome as impact (ATT). Standard errors are not reported to save space. *p < 0.10,

**p < 0.05, ***p < 0.01.
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C R O P D I V E R S I T Y, W E L FA R E A N D C O N S U M P T I O N
S M O O T H I N G U N D E R R I S K I N R U R A L U G A N D A *

3.1 introduction

Unpredictable and aberrant weather exposes farm households in developing coun-
tries to pervasive production risks with significant repercussions on food produc-
tion, income and consumption (Dercon, 2004; Di Falco and Chavas, 2009; Gao and
Mills, 2018). Climate variability also poses an additional challenge to the food secu-
rity and adaptive capacity of poor and marginalized households who lack natural
and economic assets and are repeatedly exposed to market shocks (Asfaw et al., 2018).
Households adopt various strategies to mitigate the negative effects of production and
consumption risks arising from climate variability and extremes. The literature illus-
trates that diversifying economic activities (e.g., crops, income, assets or savings) is an
important risk management and consumption smoothing strategy adopted by rural
households in an environment characterized by incomplete markets and where social
safety nets provide limited support (Fafchamps, 1992; Morduch, 1995; Dercon, 1996;
Ellis, 2000; Barrett et al., 2001; Kurosaki and Fafchamps, 2002). Farm households adopt
crop diversification as self-insurance against multiple risks affecting their income and
consumption especially when they face liquidity, asset and credit constraints and their
access to off-farm income is very limited (Dercon, 2002; Khanal and Mishra, 2017).

In the current policy discourse, crop diversification is promoted and preferred over
monocropping as evidence from Sub-Saharan Africa (SSA) demonstrates that reliance
on mono-cropping contributes to low agricultural productivity and exposes rural
households to production and price risks (Teklewold et al., 2013; Benson et al., 2008;
Chibwana et al., 2012; Saenz and Thompson, 2017). Crop diversification is deemed
as important for increasing agricultural production, enhancing food security, reduc-
ing poverty, building resilience against economic and climatic risks, while conserving
the ecological biodiversity and aiding sustainable agricultural transformation (FAO,
2012; Massawe et al., 2016; Michler and Josephson, 2017; Lin, 2011; Donfouet et al.,
2017). As a climatic risk hedging option, crop diversification can reduce the risk of
crop failure, yield variability and can mitigate price risks for poor and marginal farm-

* The chapter is co-authored with Nyasha Tirivayi.
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ing households operating in rain-fed areas (Rosenzweig and Parry, 1994; Imbs and
Wacziarg, 2003; Bezabih and Sarr, 2012; Coromaldi et al., 2015). Crop diversification
also gained a renewed interest due to the liberalization of agricultural policies and
the globalization of agricultural markets (Pellegrini and Tasciotti, 2014).

Since the work of Heady (1952) who propose diversification as an agricultural activ-
ity to manage uncertainty, there is growing evidence on the role of crop diversification
as an effective farm-level response to climate variability (Bradshaw et al., 2004; Seo
and Mendelsohn, 2008; Di Falco and Chavas, 2009; Arslan et al., 2018; Asfaw et al.,
2018). Although there are many studies that assess the economics of crop diversifi-
cation, much of the empirical literature is skewed towards studying its determinants.
The literature on the economic impacts of crop diversification can be divided into
two strands: (i) studies that focus on the relationship between crop diversity and risk,
and (ii) studies that focus on the relationship between crop diversity and household
welfare (Michler and Josephson, 2017). While there are numerous seminal studies that
have focused on the relationship between diversity and risk (Rosenzweig and Wolpin,
1993; Alderman and Paxson, 1994; Dercon, 1996; Little et al., 2001; Di Falco and Per-
rings, 2005), the relationship between crop diversity and household welfare remains
less studied (Michler and Josephson, 2017; Asfaw et al., 2018). Recent studies in In-
dia (Birthal et al., 2015), Thailand (Kasem and Thapa, 2011), and Ethiopia (Michler
and Josephson, 2017) show that crop diversification prevents and alleviates poverty,
reduces poverty persistence and increases income. Other studies in Africa find that
crop diversification increases income and energy intake in Niger (Asfaw et al., 2018),
dietary diversity in Malawi (Jones et al., 2014; Snapp and Fisher, 2015) and nutrition
for poor farm households in Nigeria (Rahman and Chima, 2016). The evidence on the
relationship between crop diversification and risk coping or consumption smoothing
responses is thin (Rosenzweig and Wolpin, 1993; Dercon, 1996). Di Falco et al. (2014) is
perhaps the only study that shows crop diversification to be a substitute for financial
insurance when households mitigate the impact of risk.

This chapter contributes to the literature by providing empirical evidence on the
household welfare and risk coping effects of crop diversity using panel data from
Uganda. This study differs from existing studies in many aspects. First, most of the
existing studies are based on cross-sectional data and estimates are, therefore, plagued
by endogeneity. Our study utilizes rich panel data from Uganda which enables us cap-
ture the dynamics in crop diversification and its implications on household welfare.
Since the survey data is georeferenced, we merge it with historical weather data to
generate climate (rainfall) variables. Second, to address the econometric challenges of
endogeneity and reverse causality, we employ estimation strategies that rely on panel
data econometrics and instrumental variables methods. We exploit the exogenous
variation in crop production decisions due to climate variability and neighborhood
effects to instrument crop diversity. Third, the level of crop diversity is measured us-
ing a series of crop diversity indices (Count, Shannon-Weaver, Composite entropy and
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Berger-Parker) to capture the extent of the diversity of crops cultivated. Hence, we are
able to study the different aspects of multi-cropping regimes and assess the sensitiv-
ity of results to different crop diversity measures. In addition to assessing the average
impacts of crop diversification on consumption, we also estimate the heterogeneous
effects using quantile regressions.

We find that crop diversity increases household welfare (dietary diversity and con-
sumption expenditure) and reduces households’ reliance on informal insurance as a
risk coping mechanism. Results from quantile based instrumental variables regression
show that crop diversity generates higher consumption benefits for low consuming
households positioned in the lower quantiles of the consumption distribution. The
findings suggest that crop diversity contributes to nutrition security, consumption
smoothing and risk management among rural households. The evidence will help in
the effective design of policies that will facilitate promotion of diversification. Overall,
the findings of this study provide useful insights for the current and emerging policy
focus on agricultural transformation and economic diversification in rural SSA.

The rest of this chapter is structured as follows. Section 3.2 presents a brief overview
of the study country context. Section 3.3 presents a brief theoretical framework. Sec-
tion 3.4 demonstrates the empirical strategies. Section 3.5 discusses the data and vari-
ables used for the analysis. Section 3.6 presents the econometric results and the last
section concludes.

3.2 country context

Uganda is a small, landlocked country in Eastern Africa that has achieved signifi-
cant poverty reduction in the last decade (World Bank, 2016). Much of the national
poverty reduction has occurred among households working in agriculture. Agricul-
tural income growth appears to be the major driver for Uganda’s progress in poverty
reduction. Due to its immense potential in the country’s economy, the agricultural
sector has been given priority in the national development plan for poverty reduction
and economic growth. Despite this political will and significant gains in poverty re-
duction, a third of Ugandans remain poor, food insecure and vulnerable to shocks.
As in much of SSA, poverty and hunger in Uganda are intrinsically linked to agricul-
ture, the sector dominated by smallholder families (estimated at 85%) that are engage
in mixed crop-livestock farming and primarily grow crops for subsistence purposes.1

The major food crops grown in Uganda include maize, rice, beans, soya beans, palms,
and horticultural crops. Cash crops include coffee, cotton, tea, cocoa, tobacco, and
sugarcane (Veljanoska, 2014).

The choice of Uganda as a case for this study is motivated by the following reasons.
First, Uganda is a country facing a wide range of development challenges includ-

1 See https://ccafs.cgiar.org/publications/climate-smart-agriculture-ethiopia.XCzUKFxKjcs
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ing low agricultural productivity, high food insecurity, and climate change. Increased
weather (rainfall and temperature) variability negatively affect food production, con-
sumption and make farm households net buyers in markets. In response to climatic
variability, rural Ugandan households engage in ex-ante and ex-post consumption
smoothing strategies. Second, Uganda has diverse and rich agroecological diversity
hotspots that are essential for food security, livelihoods and adaptation to changes in
food systems in the face of climate change (Smale, 2006; Coromaldi et al., 2015; Co-
varrubias, 2015). Third, there are few off-farm income diversification options in the
country. This limits the capacity of diversifying income away from agriculture as a
strategy for poverty reduction.

Given that Ugandan agriculture is mostly rain-fed, relying on few low-risk crops or
specialization in few staple crops may exacerbate exposure to shocks and aggravate
food insecurity and poverty. Therefore, the decision to engage in diversified crop pro-
duction comes naturally. Increasing crop diversity appears to be the most promising
solution to deal with irregular weather conditions, market shocks and for improv-
ing rural livelihoods (Veljanoska, 2014). Uganda is one of the few African countries
that explicitly incorporated diversification as part of its national agricultural invest-
ment strategies for adaptation and building resilience (Arslan et al., 2018). Therefore,
Uganda makes an interesting case to explore the household welfare and risk coping
or consumption smoothing effects of crop diversity. The evidence generated from this
study will feed into the current agricultural development policy of the country that
seeks to achieve food and nutrition security and improve household welfare through
enhancing sustainable agricultural productivity.

3.3 theoretical framework

3.3.1 Economics of crop diversification

Economic theory asserts that households diversify their economic activities to im-
prove their risk management capacity, smooth income streams ex-ante (Alderman and
Paxson, 1994; Barrett et al., 2001), and smooth consumption ex-post shocks (Morduch,
1995). Although diversification is a common practice across different sectors (e.g., fi-
nance), the peculiarities of agricultural production such as dependence on weather
patterns, seasonality in the demand for inputs and heterogeneity in land quality dis-
tinguishes diversification in agricultural production from other sectors (Arslan et al.,
2018). Incomplete credit and insurance markets or market failures, quasi-universal cir-
cumstances in developing countries, are among the primary conditions that lead to
diversification in rural economies (Kurosaki and Fafchamps, 2002; Arslan et al., 2018).

Portfolio theory postulates that crop diversification is a production risk manage-
ment strategy for risk-averse and subsistence farm households (Rosenzweig, 1988).
In the absence of insurance and reliable food markets, for instance, poor households
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minimize their exposure to various risks by growing their own food and diversifying
their activities (Fafchamps, 1992; Kurosaki and Fafchamps, 2002). By diversifying food
crop production, a farm household gains some assurance that it can have something
to eat even in the event of crop failure, food price shocks, or lack of food in local mar-
kets. When ex-post consumption smoothing mechanisms are absent, diversification
can help households meet their risk-management needs left unmet due to missing
insurance markets (Binswanger, 1983; Fafchamps, 1992; Reardon, 1997). Depending
on their market-orientation, some farm households may also add new crops to their
crop mix to increase their income. Crop diversification may also reduce income vari-
ability by allowing participation in multiple crop markets. However, the effectiveness
depends on the level of correlation of prices in the markets.

The desire for income or profit maximization and risk minimization are not the only
stimuli for diversification in agricultural production (e.g., (Omamo, 1998; Pope and
Prescott, 1980). Studies demonstrate that diversification in agricultural production can
arise under conditions where specialization would be expected or even if we assume
no risk (Pope and Prescott, 1980; Just and Pope, 2001). In rural economies where
households face multiple market imperfections and markets are poorly developed
and less integrated (De Janvry and Sadoulet, 2006), crop diversification decisions may
also be motivated by food security and nutritional considerations (Bezabih and Di
Falco, 2012; Pellegrini and Tasciotti, 2014; Hoddinott et al., 2015). While markets do
not exist in some cases, if they do, accessing them might be prohibitive due to high
transaction costs. In other circumstances, there could be a constraint on the quantities
to be exchanged in the markets. In the presence of high transaction costs, households
are forced to satisfy consumption from own production (Fafchamps, 1992; Van Dusen
and Taylor, 2005).

3.3.2 Linking crop diversity with welfare and risk coping

The interest in this chapter is to empirically show the effect of crop diversity on house-
hold welfare and risk coping behavior related to consumption smoothing. Although
the lack of formal insurance and incomplete markets is the major factors driving crop
diversification decision, increased crop diversification is expected to affect welfare
and risk coping behavior. Following Asfaw et al. (2018) and Michler and Josephson
(2017), the link between crop diversification(D) and household welfare (W) could be
represented as

Wit = f (Dit(St−s, Kit), υit) (3.1)

where S is shock, t and s denote time (with t ≥ s), and υ is a vector of unobserved
factors. K is a vector of household asset endowments that could have multi-directional
effect on crop diversification and welfare (Asfaw et al., 2018). From equation 3.1 and
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following Asfaw et al. (2018), we hypothesize that crop diversification will increase
household welfare as

∂W
∂D

> 0 (3.2)

Likewise, we represent the relationship between crop diversification (D) and risk
coping (R) as follows

Rit = f (Dit(St−s, Kit), εit) (3.3)

where D, K and S are as defined above, and ε is a vector of unobserved factors.
We predict that crop diversification could reduce households’ use of less effective risk
coping strategies as

∂R
∂D

< 0 (3.4)

3.3.3 Impact pathways

This section summarizes, based on empirical evidence, the main potential pathways
through which crop diversification would impact household welfare and risk coping
(consumption smoothing) behaviour.

3.3.3.1 Productivity and income effects

Crop diversification would affect household welfare (consumption expenditure and
diet diversity) through various channels. Primarily, it can improve household welfare
through its productivity and income. Crop diversification boosts crop productivity
at the household level by increasing yield (Feder et al., 1985; Di Falco and Perrings,
2005; Di Falco et al., 2010; Chavas and Di Falco, 2012). For households that primarily
consume from own production, cultivating diverse crops guarantees consumption of
diverse diets (Ecker and Qaim, 2011). It can also increase consumption and nutrition
diversity through increasing crop income from high-value and cash crops in the pro-
duction portfolio (Fafchamps, 1992; Birthal et al., 2015). The resulting income would
enable a household purchase diverse and potentially micronutrient-rich foods, and
ultimately improves household welfare (Dzanku and Sarpong, 2011). For households
with poor access to markets, reliance on monocropping for consumption makes their
diet poorly diversified that would lead to high risk of micronutrient deficiencies and
malnutrition (Ecker and Qaim, 2011). In contrast, crop diversification would exert
positive consumption and nutrition effects in areas where markets are less integrated
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with national or local food markets (Fafchamps, 1992; Omamo, 1998; Barrett et al.,
2001; Lovo and Veronesi, 2019). Besides its direct effect, crop diversity might affect
household welfare indirectly by influencing the local availability of crops in relatively
marginalized areas (Ecker and Qaim, 2011).

3.3.3.2 Downside risk mitigation and insurance effects

When environmental risks increase, crop diversification can be a natural insurance (as
opposed to financial insurance) against downside risk or crop failure and increases
production and food consumption (Baumgärtner and Quaas, 2010). Ecologists have
provided two explanations for a beneficial role of crop diversity in production risk
management. The “sampling effect” hypothesis asserts that households manage pro-
duction risks by increasing the number of crops with different climatic requirements
and responses to biotic stressors (Tilman et al., 2005). The second set of explanation,
the “complementarity effect’ hypothesis, emphasizes that growing different crops that
have different traits and characteristics is a strategy to adapt to different environmen-
tal conditions due to complementarity effects (Sala et al., 2000; Loreau and Hector,
2001). Both effects would ultimately reduce the probability of crop failure (Loreau
and Hector, 2001; Chavas and Di Falco, 2012). Crop diversification can also reduce ex-
posure to weather shocks and increase crop yields through controlling crop diseases
and pests. It could also reduce exposure to market risks (e.g., fluctuations of grain
prices) and help households manage price risks by having crops in the portfolio that
exhibit uncorrelated prices (Dercon, 1996). Through its risk buffering benefits, crop
diversification can help households improve their welfare and grow out of poverty
(Michler and Josephson, 2017).

3.3.3.3 Consumption smoothing effects

Crop diversification can influence risk coping or consumption smoothing behavior
of rural households in various ways. In rural areas where formal insurance or safety
nets are lacking or not fully functioning, crop diversification can be an effective risk
coping strategy (Barrett et al., 2001; Dercon, 2002; Loison, 2015). Acting as a substitute
to formal insurance (Di Falco et al., 2014), crop diversity could reduce households’
use of negative risk coping mechanisms. Through increasing food consumption and
welfare and hence improved consumption smoothing, crop diversity can reduce the
need for informal insurance and involuntary diet changes as risk-coping strategies.
The effect of crop diversification on reducing the use of risky consumption smoothing
strategies would be higher when households experience shocks vis-à-vis a scenario
where the household faces no shocks (Asfaw et al., 2018).

87



3 . crop diversity, welfare and risk coping

3.4 empirical strategy

3.4.1 Drivers of crop diversification

Crop choice or diversification decisions will be determined by households’ willing-
ness to bear risk or risk attitude, the availability of consumption smoothing measures,
and households’ preferences (Fafchamps, 1992; Rosenzweig and Wolpin, 1993; Al-
derman and Paxson, 1994; Arslan et al., 2018; Asfaw et al., 2018). A wide range of
variables are introduced in the crop diversity model to capture the degree of risk
aversion, transaction costs, and household preferences. The variables include house-
hold asset endowments that could determine the degree to which farmers diversify
their production portfolio (Arslan et al., 2018; Asfaw et al., 2018). Asset endowments
of the household are represented as livelihood assets or capitals and include natural
capital (rainfall, temperature, elevation, cultivated land, agroecology), physical capi-
tal (livestock holding, asset value), human capital (education, gender, age of the head,
household size), financial capital (remittances and transfers, distance to road, distance
to markets), and social capital.

Physical and human capital assets would affect households’ ability to bear risk
(Feder et al., 1985; Rosenzweig and Wolpin, 1993; Dercon, 1996; Barrett et al., 2001).
Consumption preferences are affected by variables such as the demographic compo-
sition of the household that shift the taste for consumption goods (Dercon, 1996).
Household demographic composition (e.g., household size) and wealth would also
affect risk and time preferences as well as liquidity and credit constraints. Proxim-
ity to markets and major roads, that would capture the effect of the economic and
geographic environment and transaction costs, are important pull factors that would
influence diversification behavior, risk coping and household welfare (Barrett et al.,
2001). Climate factors are the major exogenous factors that could influence house-
holds’ production decisions through altering risk profile (Angrist and Krueger, 2001;
Adger et al., 2009; Arslan et al., 2018). They are captured by rainfall, elevation and
temperature that are major source of covariate shocks and reflect exposure to weather
shocks and the short and long-term temporal and spatial rainfall variations (Asfaw
et al., 2018; Gao and Mills, 2018).

The estimates for drivers of crop diversification are obtained using the following
correlated random effects (CRE) model

Dit = δXit + γZit + λM̄i + εit (3.5)

where Dit is crop diversity (measured using different crop diversity indices dis-
cussed in section 3.5.2), Xit is a vector of the asset endowment or capital variables
discussed above; Zit is a set of instrumental variables (mean temperature and eleva-

88



3.4 empirical strategy

tion, average village level crop diversification, and rainfall shock). We also include re-
gion, time and region-time interactions to control for temporal and spatial differences
in biophysical conditions, access to infrastructure, policy changes, etc. not possibly
captured by the other covariates.2 In equation 3.5, we assume that time-invariant un-
observed effect or household-specific heterogeneity (say ci) can be replaced with its
projection onto the time averages of the exogenous variables (M̄i) as: ci = λM̄i + ai. εit
is the idiosyncratic error term that captures time-varying unobserved factors. δ and γ

are the parameters of interest to be estimated.

The CRE is an alternative approach to the fixed effects (Mundlak, 1978; Chamber-
lain, 1982). It is preferred over the traditional random effects (RE) model as it relaxes
the stringent exogeneity assumption of the RE approach by allowing an arbitrary cor-
relation between the unobserved effect (ci) and the explanatory variables (Xit and Zit).
It also avoids the incidental parameters problems associated with the fixed effects. The
estimation procedure in CRE amounts to including the mean of all time-varying vari-
ables as an additional set of explanatory variables in the crop diversification equation
to control for time-invariant unobserved heterogeneity (Wooldridge, 2002, 2010). We
run separate regressions for the different crop diversity metrics.3

3.4.2 Strategies for estimating the impact of crop diversification

Estimating the impact of crop diversity on the outcomes faces numerous econometric
issues that could result in endogeneity. The first potential source of endogeneity is
the presence of unobserved heterogeneity due to time-invariant factors that would
affect both cropping decisions and the outcomes. Crop diversification is a voluntary
decision that might be affected by unobserved household characteristics such as pref-
erences, skills, innate ability, and entrepreneurial motives that could lead to selection
bias in the choice to diversify or not and also correlated with the outcomes. The
second source of endogeneity are time-varying unobserved factors and idiosyncratic
shocks that would simultaneously influence crop diversity as well as household wel-
fare and consumption smoothing. Such type of unobserved endogeneity may arise
due to omission of relevant time-varying factors, simultaneous responses to idiosyn-
cratic or covariate shocks, or measurement errors (Terza et al., 2008; Verkaart et al.,
2017). The third source of endogeneity is reverse causality or simultaneity problem in
that household welfare may affect crop diversity and vice versa (Michler and Joseph-

2 In Uganda in particular, there is regional heterogeneity in cropping seasons (rainy) and land quality.
While the majority of the country is exposed to two cropping and rainy seasons, the North part ben-
efits from only one rainy season. The central-southern region is the most productive in terms of crop
production (Veljanoska, 2014).

3 The crop count index is a count variable that takes a limited number of values. This suggests the use of
Poisson regression or other count outcome data models. The other crop diversity indices could also be
left-censored. They can be estimated using Tobit or fractional logit as applied to panel data. However,
in our sample, the number of left-censored observations is less than 2%. We, therefore, apply linear
models.
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son, 2017; Asfaw et al., 2018). Availability of risk coping mechanisms may also de-
termine the need for ex-ante risk management strategies such as crop diversification
(Rosenzweig and Wolpin, 1993; Dercon, 1996). Failure to control for these economet-
ric issues will either overestimate or underestimate the supposed true effect of crop
diversification. In what follows, we discuss the empirical strategies used to estimate
the impact of crop diversity on the outcomes while addressing these econometrics
challenges.

3.4.2.1 Crop diversity and household welfare

The relationship between household welafre and crop diversity is represented using
the following model

yit = φDit + βXit + αi + υit (3.6)

where yit is a measure of household welfare (dietary diversity, per adult equivalent
consumption expenditure) or risk coping (informal insurance, involuntary change in
diets), Dit is crop diversification as defined above and Xit is a vector of additional
control variables defined above. αi is the household-specific unobserved effect and υit
is the idiosyncratic error term. φ is the parameter of interest that denotes the impact of
crop diversification on welfare. We utilize fixed effects instrumental variables (FE-IV)
approach to estimate the impact of crop diversification on household dietary diversity
and per adult equivalent consumption expenditure while addressing endogeneity.

Two sets of instruments are used for household level crop diversification. The first
is the average village level crop diversification excluding the household’s own crop
diversification. The choice of this instrument is inspired by insights from research
on the importance of social networks and neighborhood effects in agricultural tech-
nology adoption and production decisions (Conley and Udry, 2010; Krishnan and
Patnam, 2013; Magnan et al., 2015; Verkaart et al., 2017). Farming decisions of house-
holds (including their crop choice) are very likely to be influenced by the decision of
neighboring households due to potential learning externality. Farms that operate in
the same agro-environmental conditions, and face similar demographic, institutional
and economic characteristics, are likely to adopt similar production systems. A farm
household located in a village where farmers diversify their crop production is more
likely to adopt a diversified production system than a household located in a less
diversified village (Ahmadzai, 2017).

The second set of instruments for crop production diversity includes climate vari-
ables (Dillon et al., 2015; Hirvonen and Hoddinott, 2017). Climate variability is a major
source of risk that alters farmers’ risk profile that in turn affects crop portfolio selec-
tion (Rosenzweig and Wolpin, 1993; Dercon, 1996; Dercon and Christiaensen, 2011).
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Households’ exposure to weather shocks would affect crop diversity. Based on a his-
torical rainfall data which spans about 30 years (1981-2010), we generate a rainfall
shock variable as rainfall deviation from the long-term historical average following
Michler et al. (2018). The variable could be a proxy for village level climatic condi-
tions and used as instrument to crop production diversity. Variation in temperature
also determines farmers’ crop choice as different crops respond differently to change
in temperature (Dillon et al., 2015; Hirvonen and Hoddinott, 2017). The impact of tem-
perature on production choices varies with elevation. Thus, we exploit the interaction
of elevation with temperature as an additional instrument for crop diversity.

The use of the FE-IV is with an assumption that the data generating process for crop
diversification and the welfare outcomes is linear. The empirical strategy accounts for
endogeneity of crop diversification as well as unobserved heterogeneity. The inclusion
of household fixed effects will enable controlling for potential omitted variable bias re-
lated to time-invariant unobservables that will affect both crop diversification and the
outcomes. The estimator removes the time-invariant unobserved effects by deviating
the variables from their time averages, and then applies IV. We report cluster robust
standard errors to deal with heteroscedasticity and serial dependence of idiosyncratic
shocks. To assess whether our results are robust to the way in which crop diversity
is measured, we run separate regressions for each crop diversity index. The outcome
equations are also estimated separately for the different outcome measures.

As robustness check, we employ two-stage residual inclusion (2SRI) approach (Terza
et al., 2008; Wooldridge, 2014).4 The 2SRI approach addresses potential endogeneity
and reverse causality between crop diversity and household welfare outcomes. In
an application similar to ours, Bezu et al. (2014), Michler and Josephson (2017), and
Verkaart et al. (2017) utilize a two-stage predictor substitution (2SPS) method where
the unconditional expected values of the endogenous regressor are used as instrument
for observed values. The 2SPS is argued to be inconsistent for both the structural pa-
rameters and average partial (or marginal) effects while the 2SRI is consistent (Terza
et al., 2008). In the 2SRI framework, the first stage involves regressing crop diversifi-
cation on the instrumental variables and additional covariates. In our case, this first
stage is obtained by means of a panel correlated random effects approach discussed
above (equation 3.5). From the first stage regressions, we retrieve the residuals that
are used in the second stage regression.

The second stage estimation is also implemented using the CRE approach. In the
second stage, the endogenous term (Dit) is maintained in the main outcome equation
and the residuals from the first-stage regression are introduced as substitutes for the
unobserved confounders. The resulting 2SRI specification is

4 Additional robustness check is also performed using alternative specifications treating crop diversity
as exogenous. Moreover, we consider estimations based on balanced sample for the welfare and risk
coping outcomes (See tables B.13 and B.14 in Appendix B).
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yit = φDit + ψĎit + βXit + ωV̄i + ε2SRI
it (3.7)

where yit is a measure of household welfare or risk coping and Dit is crop diver-
sity as discussed above. Ďit includes the residuals of the crop diversification equations
which corrects for potential endogeneity between the outcomes and the diversification
variable. Xit is as defined above and V̄i is the time-average of all time-varying variables
included in the outcome equation. Since the second stage outcome equations include
estimates from the first stage reduced form equations (residuals), standard errors are
bootstrapped. Due to the short nature of our panel and to control for serial correlation
and heteroscedasticity, we estimate panel-robust standard errors with cluster correc-
tion at the household level (White, 1980; Cameron and Trivedi, 2010). Results from the
FE-IV are also contrasted with various specifications for the two welfare metrics.

3.4.2.2 Heterogeneous effects of crop diversity

Crop diversification can produce impacts that are heterogeneous across the differ-
ent classes of the consumption distribution and hence can generate non-linear and
distributional effects on household welfare (Asfaw et al., 2018). Estimating the distri-
butional effects is important for policy targeting purposes as low-consuming house-
holds may be especially responsive to crop diversity relative to high-consuming house-
holds. To explore the relationship between crop diversity and consumption at differ-
ent points in the conditional distribution of consumption expenditure, we model the
quantiles of the conditional distribution of aggregate consumption expenditure (per
adult equivalent) as a function of crop diversification and other covariates using a
quantile-IV regression.5

We specify the quantile regression model as follows:

yit,τ = βτdit + ρτxit + eτit (3.8)

with

Qτ(yit|dit, xit) = βτdit + ρτxit (3.9)

where y is consumption expenditure, d is crop diversity, x are the other covariates
as defined earlier and e is a vector of idiosyncratic errors. Qτ(yit|dit, xit) identifies the
τth conditional quantile of y given d and x. ρ and β are vectors of parameters to be
estimated.

5 We utilize the Stata command bsqreg to estimate the model that allows us produce QR estimates for
several values of τ (0.2, 0.4, 0.6 and 0.8). The choice of the quantile bandwidths is arbitrary. To allow
comparison of estimates from our model with previous findings, we chose same bandwidths as Asfaw
et al. (2018).
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Estimating the distribution impact of crop diversity on consumption expenditure is
also complicated by potential endogeneity due to reverse causality between the wel-
fare outcome and the crop diversification variables. To deal with this issue, we utilize
the two-stage residual inclusion (2SRI) approach discussed above and employed in
related studies (Asfaw et al., 2018; Michler et al., 2018). In the first stage, we regress
crop diversification on the set of instrumental variables and additional covariates by
a means of a panel correlated random effects model discussed earlier. In the second
stage, we estimate a pooled quantile regression model (separately for each quantile)
augmented with the Mundlak (1978) approach to purge unobserved heterogeneity.
The reduced form second stage equation is

yτ,it = φτDτ,it + ψτĎτ,it + βτXτ,it + ωτV̄i + ε2SRI
τ,it (3.10)

D̂it includes the residuals from the first stage crop diversification equations to cor-
rect for potential endogeneity between the welfare outcome and diversification. V̄i
are the mean of the time-varying covariates used in the outcome equation. Since the
second-stage regressions include estimates from the first stage, the variance-covariance
matrix of the estimators (standard errors) is computed through bootstrapping. To
check robustness of our results, we also produce estimates using pooled quantile re-
gression with the Mundlak approach without additional correction for endogeneity
of crop diversity.

3.4.2.3 Crop diversity and risk coping

In this study, we also assess the impact of crop diversification on two risk coping mea-
sures which are binary outcome variables. Following Michler and Josephson (2017),
for our binary response function, we assume that there is an underlying latent variable
model:

y∗it = φDit + βXit + αi + υit (3.11)

where yit = 1[y∗it ≥ 0] for t = 1, ..., T and the other variables are as defined earlier.
To recapitulate, we model crop diversification as in equation 3.5 as a linear function
of the instruments and other covariates as follows:

Dit = δXit + γZit + ci + εit (3.12)

The impact of crop diversification (Dit) on risk coping (yit) is estimated using alter-
native econometric methods that address the endogeneity of crop diversity. The pri-
mary estimation method is the 2SRI or two-step control function method discussed
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above.6 The 2SRI is one of the instrumental variables (IV)-based approaches to correct
for endogeneity bias due to the presence of unobservable confounders in nonlinear
models (Terza et al., 2008; Wooldridge, 2014). Following Michler and Balagtas (2017)
and Papke and Wooldridge (2008), we implement the 2SRI in two steps. First, we esti-
mate the crop diversification model using pooled OLS with correlated random effects
and clustered standard errors at the household. We save the generalized residuals
from the first stage regressions. The second stage is implemented with correlated ran-
dom effects probit (pooled maximum likelihood estimation) model of risk coping on
crop diversification and other control variables. In this stage, the residuals saved from
the first stage are included as additional regressors to control for endogeneity.

As a robustness check, we use the FE-IV method discussed above using linear prob-
ability models (Dercon et al., 2009; Michler and Josephson, 2017; Verkaart et al., 2017).
Use of the linear probability model (LPM) is assuming the data generating process
for the risk coping outcomes is linear. Estimation using LPM also provides coefficient
estimates that are easy to interpret. As additional test for robustness of our results, we
estimate our model using correlated random effects probit (pooled MLE) and fixed
effects logit where we treat crop diversity as exogenous.

3.5 data and descriptive statistics

3.5.1 Household Survey and Rainfall Data

The data for the chapter come from the 2009-2012 waves of the Ugandan National
Panel Survey (UNPS), a rich and nationally representative data administered by the
Living Standards Measurement Study - Integrated Surveys on Agriculture (LSMS-
ISA) program of the World Bank in collaboration with the Uganda Bureau of Statistics
(UBoS). The survey collects detailed information on household characteristics, income
sources, household assets, consumption expenditure, shocks and coping strategies,
food security, land holdings, crop production and livestock ownership. The analytical
sample is an unbalanced panel of rural households that are representative of rural
Uganda.7 Details of the description and summary of the main variables (covariates)
used in the empirical models are presented in Table B.2 (Appendix B).

6 As an alternative to the two-step residual inclusion (2SRI) or control function approach, we follow
Wooldridge (2014) and apply a one-step alternative using the pooled IV probit with correlated random
effects. We use the ivprobit stata code with clustering the standard errors at the household to obtain
valid inference. The Wald test of exogeneity of crop diversification fails to reject the null of no endo-
geneity in most of the risk coping (informal insurance) equations. This suggests that a pooled probit
regression could be appropriate. Therefore, we proceed with the 2SRI or two-step control function and
add estimates using pooled CRE probit model as robustness check.

7 Details of the survey including sample size, sampling methods, data and other supporting materials
can be accessed from the website: www.worldbank.org/lsms-isa. The UNPS has five waves of data
including the 2005/06. The latest round (2013/14) is not used since it replaces about a third of the
original households by new samples. According to the UNPS report in 2011/12, the attrition rate for
the whole sample across the three waves used in this study is less than 5%.
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Georeferencing of the households enables merging the survey data with climatic
or agroecological characteristics. We extract historical rainfall data (1981-2010) from
the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) data (Funk
et al., 2015; Michler et al., 2018). CHRIPS generates satellite imagery with in-situ sta-
tion gridded time series rainfall data. While the dataset provides daily rainfall mea-
surements, we generate spatial rainfall data by scaling the data into monthly and
seasonal rainfall measures. We use rainfall of the growing season in Uganda that lasts
from October until April the following year.

3.5.2 Crop diversification measures and patterns

Crop diversification is measured using four interspecific crop diversity indices that
capture both the number of crops in the crop production portfolio and their evenness:
Count (richness), Shannon-Weaver, Composite entropy and Berger-Parker. The count
index measures richness of cultivated crops and assumes that different crops con-
tribute equally to the household crop portfolio, although this is not always the case
(Benin et al., 2004; Di Falco et al., 2010; Jones et al., 2014; Saenz and Thompson, 2017).
The Berger Parker Index measures relative abundance computed as the inverse weight
of the most abundant crop (Benin et al., 2004). The Shannon-Weaver index measures
the proportional abundance and evenness, an improvement over the two indices. Be-
cause its upper limit depends on the number of crops grown, it cannot be used to
compare the degree of diversification in different locations where different numbers
of crops are grown (Saenz and Thompson, 2017). The Composite entropy index, a
modified version of the Shannon-Weaver index, measures both richness and evenness
and enables the comparison of crop diversity across different locations, and thus over-
comes the limitations of the Shannon-Weaver index (Ghosh et al., 2015; Arndt et al.,
2015). Table B.1 (Appendix B) summarizes the definition and computation of the four
crop diversity indices.
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Table 3.1 Summary statistics for crop diversity pattern over the study years

Crop diversity indices 2009/10 2010/11 2011/12 Pooled

Count Index 5.78 5.98 5.31 5.67

(2.20) (2.12) (1.98) (2.12)

Shannon-Weaver Index 1.41 1.46 1.41 1.43

(0.42) (0.40) (0.40) (0.41)

Composite Entropy Index 0.67 0.68 0.69 0.60

(0.15) (0.14) (0.14) (0.14)

Berger-Parker Index 2.74 2.80 2.83 2.79

(1.02) (1.02) (0.99) (1.01)

Observations 1,479 1,367 1,677 4,523

Note: Mean values reported; Standard deviations in parentheses.

Table 3.1 summarizes the crop diversification pattern of the sample households. The
count index shows that the average number of crops cultivated by the households is
about 6 with a slight variation during the course of the panel. There appears to be no
clear trend in crop diversification, particularly the count and Shannon-Weaver indices.
The averages of the Shannon-Weaver and Berger-Parker indices are less than the count
index. This indicates that land is not equally distributed to different crops cultivated
by the households.

3.5.3 Household welfare and risk coping

We use real per adult-equivalent consumption expenditure (a flow measure) and
household dietary diversity score (a stock measure) as indicators of household welfare
(Upton et al., 2016). Current consumption is a preferred measure of welfare analysis
over income since consumption is smoother than income and risk-averse households
prefer less variable consumption (Bezu et al., 2014; Dercon, 2002). Consumption ex-
penditure is computed as the sum of the value of food and non-food consumption,
either from own production, from the market or gift or in-kind in the previous 30

days. The aggregate value is scaled to adult equivalent bases and expressed in Ugan-
dan Shillings (USh) using constant base prices. Table 3.2 shows that real per adult
equivalent consumption expenditure falls over the years 2009 and 2010. However, it
remains nearly the same between 2010 and 2011. The household dietary diversity
score (HDDS) is computed as the number of food groups (among 12 food groups)
consumed by the household in a week before the survey.8 HDDs slightly decreased
between 2009 and 2012.

8 The 12 food groups include: (i) cereals, (ii) roots tubers, (iii) vegetables, (iv) fruits, (v) meat and poultry,
(vi) eggs, (vii) fish and seafood, (viii) pulses, (ix) milk and milk products, (x) oil/fats, (xi) sugar/honey,
and (xii) miscellaneous food items.
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Table 3.2: Summary statistics of the outcome variables

2009/10 2010/11 2011/12 Pooled

Household welfare
Per adult equiv. consumption (X 1000 USh) 51.16 44.98 43.39 46.41

(35.36) (36.95) (33.63) (35.38)

Log per adult equiv. consumption (USh) 10.66 10.48 10.47 10.53

(0.62) (0.68) (0.68) (0.67)

Household dietary diversity score (HDDS) 7.43 7.37 7.29 7.36

(2.03) (2.28) (2.18) (2.16)

Risk coping/consumption smoothing
Informal insurance (1=Yes) 0.141 0.179 0.176 0.165

(0.348) (0.383) (0.381) (0.372)

Involuntary dietary change (1=Yes) 0.381 0.238 0.128 0.244

(0.486) (0.426) (0.334) (0.430)

Observations 1,479 1,367 1,677 4,523

Note: Mean values reported and standard deviations in parentheses. Reported per adult equivalent

consumption expenditure values are after winsorizing top 1%. Log per adult equivalent consumption

expenditure is based on log transformation of the original values.

Rural Ugandans face various shocks that affect their welfare. The shocks can be
of climatic (drought, pestilence affecting crops and livestock), economic or market
origin (large increase in prices of inputs, decrease in output prices), and health-related
(illness and death of household members) (Dercon et al., 2005; Veljanoska, 2014). In
the aftermath of shocks, households implement a wide array of strategies to deal with
the welfare impacts of the shocks and decrease risk exposure. Risk-coping strategies
are ex-post shock coping strategies that would help households smooth consumption
(Alderman and Paxson, 1994). The choice of coping strategies also depends on the
nature of the climate shock and the degree of impact on household access to food and
income.

To investigate the impact of crop diversification on risk coping or consumption
smoothing, two risk coping strategies are considered: informal insurance and involun-
tary change in diets. These strategies are usually considered in the absence of formal
risk coping mechanisms (Deaton, 1991; Dercon, 2002; Dercon and Christiaensen, 2011;
Gao and Mills, 2018). Informal insurance includes cash or in-kind support provided
by community or family members. It is not an effective strategy for maintaining con-
sumption or welfare in times of covariate shocks (Barrett et al., 2001; Dercon, 2002).
Involuntary diet change is a negative post-shock response that involves reliance on
less preferred food items, food rationing or cutting the size and number of daily con-
sumptions. These two risk coping strategies are unproductive and provide limited
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support (Dercon, 2002). Table 3.2 shows that about 17% of the sample households rely
on informal insurance as a shock coping mechanism. There has been an increase in use
of informal insurance as a consumption smoothing strategy over the study timeframe.
About 24% of the sample households involuntarily change their diets or consumption
as a risk coping strategy. The proportion, however, significantly decreased from 38%
in 2009 to 13% in 2012.

3.6 results and discussions

3.6.1 Drivers of crop diversification

Table 3.3 provides the results for drivers of crop diversification obtained from a corre-
lated random effects (CRE) model. The model diagnostic results show that the mean
of the time-varying variables is jointly significant in the crop diversification model,
which suggests the presence of unobserved heterogeneity and justifies the use of the
CRE model. The instruments are also jointly significant in all of the crop diversity re-
gressions. Rainfall shock is found to be significant determinant of crop diversification.
This finding suggests that households have an incentive for using crop diversification
as an adaptation strategy against weather anomalies (Di Falco et al., 2010; Bezabih
and Di Falco, 2012; Arslan et al., 2018; Asfaw et al., 2018). The degree of crop di-
versification also increases with elevation. The positive and significant coefficient on
elevation suggests that households located in the higher altitude zones are more likely
to grow diversified crops. This could be due to different climatic conditions and agro-
nomic possibilities (Van Dusen and Taylor, 2005). Although average temperature of
the planting season has no significant effect on crop diversification, the interaction of
temperature with elevation has negative effect on crop diversification. The significant
effect of elevation and its interaction with temperature provides evidence that envi-
ronmental heterogeneity plays a key role in determining crop diversity. We also find
that village level crop diversity is a strong predictor of crop diversity which suggests
that households’ production choices are influenced by neighbourhood effects.
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Table 3.3: Drivers of crop diversity: Estimates from Panel Correlated Random Effects

Count Index Shannon-Weaver Composite Entropy Berger-Parker

Age of head 0.025*** 0.005** 0.001 0.009*

(0.009) (0.002) (0.001) (0.005)

Male headed -0.381* -0.021 0.004 0.001

(0.207) (0.044) (0.018) (0.122)

Household size 0.058 0.012* 0.004 0.027

(0.041) (0.007) (0.002) (0.018)

Head education 0.124 0.037* 0.013 0.055

(0.106) (0.021) (0.008) (0.059)

Asset value (log) 0.057** 0.010** 0.003 0.006

(0.023) (0.005) (0.002) (0.012)

Land size 0.262*** 0.040*** 0.008** 0.067***

(0.042) (0.009) (0.003) (0.024)

Livestock holding -0.001 0.005 0.002* 0.010

(0.015) (0.003) (0.001) (0.008)

Remittances -0.066 -0.004 0.001 -0.009

(0.082) (0.017) (0.007) (0.046)

Distance to road 0.010 0.001 -0.000 0.008

(0.058) (0.009) (0.003) (0.025)

Distance to market 0.037** 0.013*** 0.005** 0.014

(0.016) (0.004) (0.002) (0.010)

Rainfall shock 0.245*** 0.047** 0.014* 0.086*

(0.083) (0.020) (0.008) (0.050)

Mean temperature 1.892 0.383 0.123 1.197

(1.426) (0.280) (0.099) (0.741)

Elevation 20.764 5.681* 2.063* 14.683*

(16.168) (3.078) (1.086) (8.370)

Temperature X Elevation -0.739 -0.218* -0.081* -0.561

(0.739) (0.132) (0.048) (0.374)

Village crop diversity 0.335*** 0.299*** 0.231*** 0.255***

(0.043) (0.042) (0.046) (0.049)

Mundlak variables 78.01*** 91.57*** 62.73*** 48.06***

Joint significance of instruments 76.51*** 63.38*** 39.20*** 34.53***

Region Yes Yes Yes Yes

Year Yes Yes Yes Yes

Region X Year Yes Yes Yes Yes

Constant 4.108 0.630 0.229 0.950

(3.027) (0.657) (0.242) (1.516)

Observations 4523 4523 4523 4521

χ2
1156.27*** 741.60*** 345.57*** 405.43***

Note: The Mundlak variables report the joint significance of the average of time-varying variables.
Clustered standard errors in parentheses;* p < 0.10, ** p < 0.05, *** p < 0.01
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Household demographic characteristics play an important role in determining the
scope and degree of crop diversity. Age of the household head has a positive correla-
tion with all crop diversity metrics except the composite entropy index. This suggests
that older farmers cultivate more crops and diversify than younger farmers. This find-
ing also raises the prospect for an intergenerational decline in crop diversity. The
positive correlation between age and crop diversity could be interpreted in two ways.
First, farming experience is highly associated with age and experienced farmers are
very likely to adopt crop diversification since they will have knowledge about its
benefits. Second, technology mistrust increases with farmers’ age (Bezu et al., 2014)
and older farmers would prefer to rely on crop diversification (a lower risk activity)
as a risk management strategy than other potentially risky options (Bezabih and Sarr,
2012). Crop diversity is also found to be correlated with gender of the household head,
education of the head, household size and livestock holdings. However, the effects are
marginal and significant only for few of the crop diversity indices.

Consistent with economic theory and empirical studies, we find evidence that crop
portfolio choice varies with household wealth (Rosenzweig and Wolpin, 1993; Dercon,
1996). Crop diversification (count and Shannon indices) is positively associated with
asset wealth. The results also show that the scope and degree of crop diversification
is positively correlated with the size of land cultivated regardless of the crop diversity
metrics. This indicates the important role of the size of landholding on crop manage-
ment decisions. Benin et al. (2004) also find that Ethiopian households with larger
farms grow more diverse cereal crops. We find the degree of crop diversification to
increase with distance to the nearest market. The significant relationship holds for all
crop diversity indices except the Berger-Parker index. The finding is consistent with
economic theory that asserts greater diversification as a strategy to insure consump-
tion from own production for households located far from markets. Arslan et al. (2018)
also show that crop diversification increases with increase in the distance to markets
in Zambia.

3.6.2 Welfare effects of crop diversification

3.6.2.1 Crop diversification and aggregate household diets

Results from the fixed-effects instrumental variables (FE-IV) regression show that crop
diversification has a positive impact on household dietary diversity (Table 3.4). On av-
erage, adding 1 more crop to the portfolio (count index) is associated with an increase
in the dietary diversity score by 0.16. The small magnitude of the effect indicates that
increasing crop diversity may not be sufficient to ensure improved dietary diversity
(Dillon et al., 2015). The result is fairly comparable with that of Koppmair et al. (2017).
A 1 unit increase in the evenness of the area allocated across crops in the portfolio
(Shannon-Weaver) increases dietary diversity score by 1.32 on average. Even a 1 unit
increase in the equitable allocation of land among crops (Composite entropy index)
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leads to an increase in household dietary diversity by more than 4. The findings sug-
gest that crop diversification through increased equitable allocation of land across
crops generates better dietary diversity benefits than crop diversification through the
mere addition of crops.

Table B.3 (Appendix B) reports the full set of results including the diagnostics tests
related to the instruments for crop diversification. The Kleibergen-Paap F statistic (test
for weak identification) is significant and above 0 in all specifications which justifies
the strength and relevance of the selected instruments. The results show that, with a
95% confidence, our IV estimates have less than 5% of OLS bias (Dercon et al., 2009).
The Hansen J (Sargan-Hansen) Statistic, a test of overidentification, is not statistically
significant. This shows that we do not have enough evidence to reject the null hy-
pothesis that our instruments can be excluded from the second stage regressions. The
results from the tests confirm the strength and validity of the instruments.

Table 3.4: Effects of crop diversity on aggregate household dietary diversity

Count index Shannon-Weaver Composite Entropy Berger-Parker

(1) FE-IV 0.158** 1.317*** 4.682*** 0.648***

(0.049) (0.262) (0.935) (0.127)

(2) 2SRI 0.104* 0.976*** 2.538*** 0.352***

(0.060) (0.305) (0.978) (0.118)

(3) FE-Poisson 1.008*** 1.051*** 1.135*** 1.012**

(0.003) (0.013) (0.004) (0.005)

(4) Pooled OLS 0.153*** 0.619*** 1.195*** 0.162***

(0.017) (0.083) (0.230) (0.031)

Note: Dependent variable is household dietary diversity score. (1) Reports, for the purpose of compar-

ison, the results found in Table B.3 (Appendix B). (2) reports results of an alternative specification of

the dietary diversity equation using a 2SRI method with bootstrap cluster standard errors; (3) reports

incidence-rate ratios (IRR) from Fixed Effects-Poisson regressions and (4) reports estimates from the

pooled OLS regressions. Robust clustered standard errors in all regressions; * p < 0.10, ** p < 0.05, ***

p < 0.01.

Results from the FE-IV regressions are comparable with estimates obtained using
the 2SRI model. The coefficients of the crop diversity indices appear to be fairly consis-
tent across the two specifications. This is expected since two-stage least squares (2SLS)
methods such as FE-IV and 2SRI methods are supposed to give equivalent results in
linear models. The discrepancy in the results is perhaps we use different approaches
in the second-stage estimations. In addition to the 2SRI, we check robustness of our
results using Fixed Effects-Poisson and OLS regressions where we assume crop di-
versity to be exogenous. Estimates using pooled OLS also help to test if results are
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different if we assume crop diversity and household diet diversity do not change over
time. While both the FE-Poisson and the pooled OLS models show a positive and sig-
nificant effect of crop diversification on dietary diversity, the estimates from pooled
OLS are conservative compared to results from the FE-IV and 2SRI methods.

Our findings are in compliance with the findings of recent studies that demonstrate
a positive association between crop diversification and aggregate household nutrition
(Jones et al., 2014; Dillon et al., 2015; Sibhatu et al., 2015; Makate et al., 2016). All
in all, the results underscore that crop diversity can be a useful strategy to improve
nutrition and food security in areas where the triple challenges of malnutrition and
micronutrient deficiencies are ubiquitous (Sibhatu et al., 2015; Romeo et al., 2016).

3.6.2.2 Crop diversification and consumption

Table 3.5 provides the coefficient estimates of the consumption expenditure equations
obtained using the FE-IV model. The diagnostic test results show that the instruments
for crop diversity are valid (table B.5 in Appendix B). The coefficients on crop diver-
sity are positive and statistically significant for all crop diversity indices. This indicates
that crop diversification exerts a positive impact on household welfare represented by
real per adult equivalent consumption expenditure. Increase in the number of crops
grown in the household by 1 leads to about a 4.5% increase in per adult equivalent
consumption expenditure. On average, a 1 unit increase in the equitable allocation of
land across crops (Shannon-Weaver index) leads to an increase in the per adult equiv-
alent consumption expenditure of 25.6%. Comparing the point coefficient estimate of
the Count and Shannon-Weaver indices, we conclude that increase in equitable allo-
cation of land among cultivated crops provides higher consumption effects than the
increase in the number of crops.
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Table 3.5: Effects of crop diversity on consumption expenditure

Count index Shannon-Weaver Composite Entropy Berger-Parker

(1) FE-IV 0.045** 0.256** 0.763* 0.132**

(0.020) (0.108) (0.403) (0.055)

(2) 2SRI 0.039** 0.215*** 0.426 0.055

(0.015) (0.081) (0.267) (0.035)

(3) CRE 0.010* 0.025 0.037 0.008

(0.005) (0.024) (0.066) (0.009)

(4) Pooled OLS 0.020*** 0.023 -0.069 -0.004

(0.005) (0.023) (0.064) (0.008)

Note: Dependent variable is the log of per adult equivalent household consumption expenditure. (1)

reports, for the purpose of comparison, the results found in table B.3 (Appendix B). (2) reports results of

an alternative specification of the consumption expenditure equation using a 2SRI method; (3) reports

results from CRE regression, and (4) reports estimates from pooled OLS regression. Robust clustered

standard errors in all regressions; * p < 0.10, ** p < 0.05, *** p < 0.01.

The estimates from the FE-IV are contrasted with estimates from the two-stage
residual inclusion (2SRI) method. The coefficients of the generalized residuals are sig-
nificant in almost all the consumption expenditure equations whenever crop diversity
exerts a significant effect. This compels us to reject the exogeneity of crop diversity
in the household welfare equations. The results from the 2SRI method also show that
crop diversity has a positive and significant effect on consumption expenditure. Both
increase in the number of crops in the production portfolio (Count Index) and increase
in the equitable allocation of land across the crops cultivated (Shannon-Weaver index)
have a positive and significant effect on per adult equivalent consumption expendi-
ture. The results from the FE-IV model are also contrasted with results obtained from
CRE and pooled OLS where we treat crop diversification as exogenous. The results
are positive and significant only for the Count index.

3.6.2.3 Heterogeneous effects of crop diversity on consumption

We assess the effect of crop diversity on four different quantiles of household con-
sumption using quantile-IV regression to test if crop diversification has heterogeneous
effects on consumption among low consuming (poor) and high consuming (richer)
households. Table 3.6 summarizes the coefficient estimates from the quantile regres-
sion (full results in tables B.7 - B.10, Appendix B). In the 2SRI model that addresses
endogeneity, only the count and Shannon-Weaver indices have significant effects on
household consumption, and the effects are unambiguously higher for low consum-
ing households. The coefficient estimates for the Shannon-Weaver index shows that
the size of the impact on the poorest group or those at the lowest quantile band (0.423)
is about double the impact on the richest group (0.231). This suggests that low con-
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suming households that increase their level of crop diversity will reap greater returns
to their production portfolio in terms of increased consumption. This finding can be
explained by the theoretical and empirical link between wealth and risk-taking. Since
low consuming households are very likely to be risk-averse due to low initial wealth
conditions, they could adopt crop diversification as a livelihood strategy. In contrast,
high consuming households are wealthier and thus could have alternative risk man-
agement options. Our findings agree with the study by Asfaw et al. (2018) that reaches
similar conclusion in their study based in Malawi.

Table 3.6: Welfare effects of crop diversity: quantile regression estimates

Endogenous crop diversity Exogenous crop diversity

20% 40% 60% 80% 20% 40% 60% 80%

Count index 0.112*** 0.094*** 0.082*** 0.080*** 0.017* 0.022*** 0.015* 0.015*

(0.026) (0.022) (0.021) (0.020) (0.009) (0.008) (0.008) (0.009)

Shannon-Weaver 0.423*** 0.382*** 0.247** 0.231** 0.094** 0.077** 0.062* 0.049

(0.085) (0.109) (0.111) (0.111) (0.041) (0.037) (0.037) (0.042)

Composite entropy 0.396 0.198 -0.231 -0.026 0.210** 0.150 0.134 0.007

(0.388) (0.426) (0.296) (0.333) (0.106) (0.099) (0.099) (0.116)

Berger-Parker 0.051 0.040 0.042 0.041 0.031** 0.017 0.021 0.018

(0.064) (0.049) (0.049) (0.056) (0.015) (0.014) (0.014) (0.016)

Note: Dependent variable is real consumption expenditure per adult equivalent. Bootstrapped standard

errors with 500 replications in parentheses. All regressions include control variables, time averages of

time varying variables and year dummy; * p < 0.10, ** p < 0.05, *** p < 0.01

To test the robustness of the results, we estimate the model using a pooled quantile
regression with the Mundlak device to deal with unobserved heterogeneity where
crop diversity is considered to be exogenous. Even when we do not allow for endo-
geneity of crop diversity, we conclude that crop diversity generates higher consump-
tion effects for low consuming (poor) households. While the Count and Shannon-
Weaver indices appear to be significant in most of the consumption quantile equations,
the Composite entropy and Berge-Parker indices are positive and significant only for
the lowest consumption expenditure quantile. The findings from the quantile regres-
sions also confirm that increase in equitable allocation of land among crops produces
higher consumption benefits for low-consuming households.

3.6.3 Crop diversification and risk coping

We assess the effect of crop diversification on two commonly employed coping strate-
gies by rural Ugandan households: informal insurance and involuntary diet change
(table 3.7). First, we estimate the impacts using the 2SRI method. The estimates show
that crop diversification has negative effect on risk coping through informal insurance.
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The coefficients of crop diversity are significant for all crop diversity indices except the
Composite entropy index. The estimated effect is significant for involuntary change
in diets for the Count index only.

Table 3.7: Impact of crop diversity on risk coping

Count index Shannon-Weaver Composite Entropy Berger-Parker

A: Informal insurance
(1) 2SRI -0.018** -0.074** -0.091 -0.036*

(0.009) (0.036) (0.145) (0.022)

(2) FE-IV -0.008 -0.151* -0.719** -0.093**

(0.016) (0.082) (0.300) (0.042)

(3) CRE probit -0.007** -0.057*** -0.146*** -0.023***

(0.004) (0.017) (0.042) (0.006)

(4) Fixed effects logit -0.085* -0.664*** -1.788*** -0.287***

(0.047) (0.230) (0.639) (0.088)

B: Change in diets
(1) 2SRI -0.024** -0.049 0.182 -0.001

(0.011) (0.051) (0.158) (0.024)

(2) FE-IV -0.032* -0.198* -0.676* -0.083

(0.019) (0.101) (0.371) (0.052)

(3) CRE probit -0.007* -0.008 0.005 0.006

(0.004) (0.018) (0.049) (0.007)

(4) Fixed effects logit -0.016 0.083 0.337 0.074

(0.041) (0.199) (0.537) (0.073)

Note: (1) reports average partial effects (APEs) from the 2SRI or control function method; (2) reports

fixed effects-IV regression results; (3) reports APEs from CRE probit (pooled maximum likelihood

estimations), and (4) reports fixed effects logit coefficients; All regressions include control variables; (1)

and (3) include time averages of all explanatory variables, year and region dummies. Standard errors

in parentheses are clustered at the household level; * p < 0.10, ** p < 0.05, *** p < 0.01.

We also estimate the impacts of crop diversification using the FE-IV LPM model.
The various tests for the instruments for crop diversification justify the validity of the
selected instruments (tables B.11 and B.12, Appendix B). Results from the FE-IV re-
gression show that crop diversification (with the exception of the Count index) has a
negative and significant effect on informal insurance (table 3.7, panel A, row (1)). The
findings from the 2SRI and FE-IV, although the magnitudes are somehow different,
indicate that crop diversification reduces the need for informal insurance as a risk cop-
ing strategy. Since informal insurance in the form of reliance on relatives or friends is
a common form of risk-sharing arrangement for risk coping (Alderman and Paxson,
1994), the results suggest that ex-ante diversification reduces the likelihood of reliance
on risk-sharing arrangements. Results from the FE-IV model also show that crop di-
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versification has negative effect on involuntary change of diets or consumption. With
the exception of the Berger-Parker index, all crop diversity measures are negatively
associated with risk coping through involuntary diet change. However, the effects are
significant only at 10% significance level.

Table 3.7 also provides estimates of the risk coping (consumption smoothing) equa-
tions obtained using various estimation methods for robustness check. In row (3), we
report estimates obtained using pooled correlated random effects probit model, an
alternative specification where crop diversity is treated as exogenous. The marginal
effects of crop diversity turn to be significant for informal insurance. In row (4), we
report results from fixed effects (conditional) logit regressions. The results show that
risk coping through informal insurance is negatively associated with crop diversity.
However, the correlations are insignificant for involuntary change in diets equations.
The results from the CRE probit (pooled MLE) and fixed effects logit models are com-
parable with the estimates from our preferred model for informal insurance. Overall,
results from the FE-IV, 2SRI and the alternative specifications show that crop diversity
reduces households’ reliance on the solidarity of their social networks ex-post shock
as a risk coping or consumption smoothing strategy.

3.7 conclusion

Rural households face a plethora of shocks that have substantial repercussions on
their well-being and adaptive capacity. In an environment characterized by absent or
poorly functioning insurance and credit markets, agricultural households adopt crop
diversity as a self-insuring mechanism for risk management. Due to its role in mit-
igating the effects of climate change, building agricultural resilience and enhancing
food security, crop diversification appears to be one of the climate-smart agricultural
practices. The chapter contributes to the growing literature and the policy discourse
by empirically investigating the effect of crop diversification on household welfare
and risk coping in Uganda using panel survey data merged with historical rainfall
data. We explore how increasing crop diversity through expanding crop portfolio and
increasing the equitable allocation of land across cultivated crops balances the goals
of welfare maximizing and hedging climate-induced risks. We utilize panel data esti-
mators integrated with instrumental variables methods to estimate the effect of crop
diversification on household welfare and risk coping while controlling for potential
endogeneity. A series of crop diversity indices are used to capture the different facets
of crop diversity and to test the robustness of results across various crop diversity
metrics.

Results of the analyses show that crop diversification improves household welfare
as indicated by the positive and significant effects on dietary diversity and consump-
tion expenditure. Furthermore, the consumption effect of crop diversity is more pro-
nounced among households positioned at the lowest quantile of the consumption dis-
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tribution than richer and high-consuming households. Although both the cultivation
of more crops and the equitable distribution of land across crops improve household
welfare, crop diversification through increase in the equitable allocation of land across
crops generates higher welfare benefits. We also find that crop diversification reduces
households’ reliance on informal insurance as a risk-coping or consumption smooth-
ing mechanism. The results of the study show that households’ crop diversification
decisions are significantly affected by climatic conditions, market access, household
wealth and village level crop diversification. This suggests that policies to promote
crop diversification might need to focus in areas with limited access to markets and
with high agroecological heterogeneity.

The findings suggest that crop diversification is a climate-smart practice and could
be an option for increasing resilience and risk mitigation behavior in the context of
climatic shocks and incomplete insurance markets. The study contributes evidence to
the burgeoning literature and the findings provide inputs for the current policy and
development agenda in Africa such as the Comprehensive Africa Agricultural De-
velopment Program (CAADP) aimed at poverty reduction and accelerating Africa’s
growth. Importantly, the results of this study are in favor of the current policy fo-
cus that promotes crop diversification. If crop diversification is to contribute to the
successful economic diversification and agricultural transformation in rural Africa,
alleviating the structural and technical impediments needs to be a policy priority. Al-
though we may safely conclude that increasing crop diversity through expanding the
crop portfolio and equitable allocation of land across crops could boost household
welfare, it may also affect the use of agricultural inputs (e.g., chemical fertilizer and
improved seeds) if land is reallocated away from crops that use these inputs inten-
sively. Exploring this effect by linking input use and the productivity effects of crop
diversity could be of interest in the literature. Further research is also needed to ex-
plore how the scope and benefits of crop diversity in SSA are affected by the small
farm holding size, resource endowment constraints, and infrastructure.
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A P P E N D I X

Table B.1 Calculation of crop diversification indices

Index Interpretation Formula Range

Count Richness D=J D ≥ 0

Shannon-Weaver Evenness; D = −∑α
i αiln(αi) D ≥ 0

proportional abundance

Composite Entropy Index Evenness; D = −∑α
i αilnJ(αi)(1 − 1/J) 0 ≤ D ≤ 1

proportional abundance

Berger-Parker Relative abundance D = 1/max(αi) D ≥ 1

Note: αi is the share of land allocated to the ith crop; J is the number of crops cultivated by the
household. Source: Own elaboration based on Asfaw et al. (2018).
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Table B.2: Summary statistics for variables used in the analysis

2009/10 2010/11 2011/12 Pooled

Age of head (years) 47.28 48.22 48.54 48.03

(14.92) (15.03) (15.24) (15.08)

Male headed 0.744 0.729 0.713 0.728

(0.437) (0.445) (0.452) (0.445)

Household size 4.667 4.391 4.312 4.452

(2.066) (1.902) (1.979) (1.990)

Head education 0.193 0.328 0.304 0.275

(0.395) (0.470) (0.460) (0.446)

Asset value (X1000) 13362.5 14552.3 14490.0 14140.2

(39676.3) (44866.6) (39295.0) (41172.8)

Land cultivated (acres) 4.746 5.257 3.545 4.455

(22.84) (27.65) (6.530) (20.44)

Livestock holding (TLU) 2.262 1.908 1.868 2.009

(3.994) (3.436) (3.710) (3.730)

Remittances (1=Yes) 0.283 0.277 0.279 0.280

(0.450) (0.448) (0.449) (0.449)

Distance to road (Km) 8.798 8.853 8.745 8.795

(7.175) (7.246) (7.189) (7.200)

Distance to market (Km) 33.64 33.36 33.58 33.53

(17.94) (17.62) (18.60) (18.09)

Production shock(1=Yes) 0.596 0.390 0.315 0.429

(0.491) (0.488) (0.465) (0.495)

Health shock (1=Yes) 0.165 0.133 0.067 0.119

(0.371) (0.340) (0.250) (0.324)

High cost of inputs (1=Yes) 0.0257 0.0125 0.0137 0.0173

(0.158) (0.111) (0.116) (0.130)

Rainfall shock 1.271 0.106 0.000280 0.448

(0.877) (0.240) (0.00432) (0.775)

Mean temperature (◦C) 21.66 21.69 21.64 21.66

(1.588) (1.577) (1.649) (1.607)

Elevation (Km) 1.234 1.232 1.236 1.234

(0.247) (0.247) (0.260) (0.252)

Observations 1,479 1,367 1,677 4,523

Note: Mean values reported, standard deviations in parentheses.
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Table B.3: Effect of crop diversity on dietary diversity: FE-IV estimates

Count index Shannon-Weaver Composite Entropy Berger-Parker

Crop diversity 0.158** 1.317*** 4.682*** 0.648***

(0.075) (0.418) (1.624) (0.210)

Age of head -0.019* -0.021** -0.021** -0.021**

(0.011) (0.010) (0.010) (0.011)

Male headed -0.070 -0.105 -0.147 -0.142

(0.246) (0.246) (0.250) (0.262)

Household size 0.100*** 0.096** 0.094** 0.096**

(0.038) (0.038) (0.038) (0.039)

Head education 0.303** 0.268** 0.256** 0.280**

(0.122) (0.122) (0.124) (0.124)

Asset value (log) 0.048** 0.044** 0.044* 0.057**

(0.021) (0.022) (0.023) (0.023)

Land size (log) 0.063 0.043 0.056 0.051

(0.049) (0.049) (0.049) (0.050)

Livestock holding 0.017 0.011 0.007 0.011

(0.018) (0.018) (0.018) (0.018)

Remittances 0.066 0.063 0.053 0.068

(0.089) (0.091) (0.093) (0.092)

Distance to road -0.042 -0.043 -0.041 -0.056

(0.046) (0.049) (0.054) (0.052)

Distance to market -0.014 -0.023 -0.030 -0.011

(0.027) (0.029) (0.032) (0.030)

Constant 6.929*** 6.540*** 5.531*** 6.141***

(0.996) (1.026) (1.218) (1.139)

Year Yes Yes Yes Yes

F test of excluded instruments 33.29*** 24.06*** 10.89 *** 11.31***

Kleibergen-Paap Wald F statistic 33.29** 24.06** 10.89** 11.31**

Sargan-Hansen (Hansen J) statistic 7.306 7.028 4.791 7.258

Observations 4523 4523 4523 4521

Note: * p < 0.10, ** p < 0.05, *** p < 0.01; clustered standard errors in parentheses. In all models crop
diversity is treated as endogenous and instrumented with the rainfall shock, elevation-temperature
interaction and village level crop diversity. Kleibergen-Paap Wald F statistic is for weak identification
test. Sargan-Hansen (Hansen J) is for overidentification test of all instruments.
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Table B.4: Effects of crop diversity on dietary diversity: 2SRI estimates

Count Index Shannon-Weaver Composite Entropy Berger-Parker

Crop diversity 0.104* 0.976*** 2.538*** 0.352***

(0.060) (0.305) (0.978) (0.118)

Generalized residual -0.051 -0.674** -1.781* -0.285**

(0.064) (0.319) (0.998) (0.121)

Age of head -0.015* -0.016* -0.015 -0.015

(0.009) (0.009) (0.009) (0.009)

Male headed -0.147 -0.163 -0.216 -0.201

(0.219) (0.217) (0.217) (0.219)

Household size 0.100*** 0.096*** 0.098*** 0.096***

(0.036) (0.035) (0.035) (0.035)

Head education 0.328*** 0.304*** 0.310*** 0.324***

(0.115) (0.115) (0.116) (0.114)

Asset value (log) 0.064*** 0.064*** 0.068*** 0.073***

(0.022) (0.022) (0.023) (0.023)

Land size (log) 0.095** 0.079* 0.098** 0.096**

(0.047) (0.047) (0.046) (0.046)

Livestock holding 0.017 0.013 0.010 0.013

(0.018) (0.018) (0.019) (0.019)

Remittances 0.034 0.033 0.029 0.030

(0.086) (0.086) (0.087) (0.087)

Distance to road -0.061 -0.060 -0.056 -0.061

(0.047) (0.048) (0.049) (0.049)

Distance to market -0.006 -0.016 -0.017 -0.011

(0.020) (0.020) (0.020) (0.020)

Constant 2.846*** 2.746*** 2.572*** 2.905***

(0.581) (0.603) (0.723) (0.656)

Mundlak variables Yes Yes Yes Yes

Region Yes Yes Yes Yes

Year Yes Yes Yes Yes

Constant 2.846*** 2.746*** 2.572*** 2.905***

(0.561) (0.584) (0.695) (0.640)

Observations 4520 4520 4520 4518

χ2
867.99*** 780.51*** 737.64*** 733.80***

Note: Bootstrapped (500 replications) and clustered standard errors in parentheses. * p < 0.10, ** p <

0.05, *** p < 0.01; All regressions include time averages of time varying variables and the generalized
residuals.
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Table B.5: Effects of crop diversity on consumption expenditure: FE-IV estimates

Count index Shannon-Weaver Composite Entropy Berger-Parker

Crop diversity 0.045** 0.256** 0.763* 0.132**

(0.020) (0.108) (0.403) (0.055)

Age of head 0.007** 0.007** 0.007** 0.007*

(0.003) (0.003) (0.003) (0.003)

Male headed -0.022 -0.033 -0.040 -0.041

(0.072) (0.071) (0.071) (0.072)

Household size -0.141*** -0.142*** -0.142*** -0.141***

(0.010) (0.010) (0.010) (0.011)

Head education 0.009 0.004 0.004 0.006

(0.029) (0.029) (0.029) (0.029)

Asset value (log) 0.033*** 0.033*** 0.033*** 0.035***

(0.007) (0.007) (0.007) (0.007)

Land size (log) 0.038*** 0.038*** 0.042*** 0.039***

(0.013) (0.014) (0.013) (0.014)

Livestock holding 0.003 0.002 0.001 0.002

(0.005) (0.005) (0.005) (0.005)

Remittances 0.007 0.006 0.005 0.008

(0.025) (0.025) (0.025) (0.026)

Distance to road -0.010 -0.010 -0.010 -0.013

(0.009) (0.009) (0.010) (0.010)

Distance to market 0.003 0.002 0.002 0.005

(0.006) (0.006) (0.006) (0.006)

Constant 10.183*** 10.143*** 10.004*** 10.056***

(0.270) (0.270) (0.302) (0.285)

Year Yes Yes Yes Yes

F test of excluded instruments 33.29*** 24.06*** 10.89 *** 11.31***

Kleibergen-Paap Wald F statistic 33.29** 24.06** 10.89* 11.31*

Sargan-Hansen statistic 3.22 3.22 3.49 3.33

Observations 4523 4523 4523 4521

Note: Bootstrapped standard errors (500 replications) in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01;
All regressions include time averages of time varying variables.
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Table B.6: Consumption expenditure effects of crop diversity: 2SRI estimates

Count index Shannon-Weaver Composite Entropy Berger-Parker

Crop diversity 0.039** 0.215*** 0.426 0.055

(0.015) (0.081) (0.267) (0.035)

Generalized residual -0.027* -0.183** -0.379 -0.046

(0.015) (0.083) (0.276) (0.035)

Age of head 0.006** 0.007** 0.007** 0.007**

(0.003) (0.003) (0.003) (0.003)

Male headed -0.022 -0.036 -0.047 -0.044

(0.066) (0.065) (0.065) (0.065)

Household size -0.145*** -0.145*** -0.145*** -0.145***

(0.010) (0.010) (0.010) (0.010)

Head education 0.018 0.014 0.017 0.020

(0.029) (0.029) (0.029) (0.029)

Asset value (log) 0.050*** 0.051*** 0.052*** 0.052***

(0.009) (0.009) (0.009) (0.009)

Land size (log) 0.037*** 0.038*** 0.043*** 0.043***

(0.013) (0.013) (0.012) (0.012)

Livestock holding 0.002 0.001 0.001 0.001

(0.005) (0.005) (0.005) (0.005)

Remittances 0.002 0.002 0.001 0.001

(0.024) (0.024) (0.024) (0.024)

Distance to road -0.008 -0.007 -0.007 -0.008

(0.014) (0.014) (0.014) (0.014)

Distance to market -0.001 -0.003 -0.002 -0.000

(0.005) (0.005) (0.006) (0.005)

Mundlak variables Yes Yes Yes Yes

Region Yes Yes Yes Yes

Year Yes Yes Yes Yes

Constant 9.091*** 9.158*** 9.282*** 9.246***

(0.190) (0.194) (0.217) (0.202)

Observations 4520 4520 4520 4518

χ2
1673.53*** 1643.92*** 1667.61*** 1666.18***

Note: Bootstrapped standard errors (500 replications) in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01;
All regressions include time averages of time varying variables.
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Table B.7: Welfare effects of crop diversity (Count index): Quantile regression estimates

Q=20% Q=40% Q=60% Q=80%

Count index 0.112*** 0.094*** 0.082*** 0.080***

(0.026) (0.022) (0.021) (0.020)

Generalized residual -0.104*** -0.086*** -0.075*** -0.074***

(0.026) (0.024) (0.023) (0.022)

Age of head 0.002 0.004 0.003 0.007*

(0.005) (0.005) (0.004) (0.004)

Male headed -0.058 0.075 -0.007 0.046

(0.130) (0.108) (0.097) (0.112)

Household size -0.143*** -0.145*** -0.144*** -0.157***

(0.018) (0.014) (0.015) (0.017)

Head education -0.009 0.049 0.008 0.002

(0.057) (0.054) (0.050) (0.052)

Asset value (log) 0.089*** 0.090*** 0.080*** 0.073***

(0.017) (0.014) (0.014) (0.018)

Land size (log) 0.014 0.023 0.034* 0.014

(0.018) (0.017) (0.018) (0.021)

Livestock holding 0.011 0.005 0.007 0.007

(0.010) (0.008) (0.008) (0.008)

Remittances 0.040 0.024 -0.003 -0.040

(0.043) (0.033) (0.031) (0.038)

Distance to road -0.014 -0.020 -0.008 -0.002

(0.018) (0.012) (0.010) (0.018)

Distance to market -0.015 0.001 -0.001 0.007

(0.012) (0.006) (0.004) (0.010)

Mundlak variables Yes Yes Yes Yes

Year Yes Yes Yes Yes

Constant 7.399*** 7.866*** 8.403*** 8.994***

(0.256) (0.182) (0.178) (0.225)

Observations 4520 4520 4520 4520

Note: Dependent variable is real consumption expenditure per adult equivalent. The variable is log
transformed and valued in Ugandan Shillings. Bootstrapped standard errors in parentheses with 500

replications; * p < 0.10, ** p < 0.05, *** p < 0.01; All regressions include control variables, time averages
of time varying variables, and year dummy.
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Table B.8: Welfare effects of crop diversity (Shannon-Weaver): Quantile regression estimates

Q=20% Q=40% Q=60% Q=80%

Shannon-Weaver 0.423*** 0.382*** 0.247** 0.231**

(0.140) (0.123) (0.107) (0.113)

Generalized residual -0.377** -0.355** -0.221* -0.238**

(0.151) (0.139) (0.115) (0.122)

Age of head 0.003 0.002 0.006 0.011**

(0.005) (0.004) (0.004) (0.004)

Male headed -0.070 0.018 -0.087 0.021

(0.121) (0.107) (0.093) (0.111)

Household size -0.129*** -0.146*** -0.151*** -0.167***

(0.017) (0.014) (0.014) (0.018)

Head education -0.009 0.022 0.025 0.003

(0.064) (0.053) (0.048) (0.050)

Asset value (log) 0.088*** 0.093*** 0.089*** 0.075***

(0.018) (0.013) (0.015) (0.018)

Land size (log) 0.023 0.039** 0.056*** 0.036*

(0.019) (0.017) (0.020) (0.020)

Livestock holding 0.007 -0.001 0.006 0.006

(0.010) (0.008) (0.006) (0.009)

Remittances 0.048 0.033 -0.004 -0.055

(0.044) (0.036) (0.032) (0.042)

Distance to road -0.010 -0.010 -0.013 -0.001

(0.016) (0.014) (0.012) (0.022)

Distance to market -0.015 -0.008 0.001 0.009

(0.010) (0.005) (0.005) (0.012)

Mundlak variables Yes Yes Yes Yes

Year Yes Yes Yes Yes

Constant 7.035*** 7.814*** 8.326*** 9.045***

(0.234) (0.202) (0.209) (0.244)

Observations 4520 4520 4520 4520

Note: Dependent variable is real consumption expenditure per adult equivalent. The variable is log
transformed and valued in Ugandan Shillings. Bootstrapped standard errors in parentheses with 500

replications; * p < 0.10, ** p < 0.05, *** p < 0.01; All regressions include control variables, time averages
of time varying variables, and year dummy.
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Table B.9: Welfare effects of crop diversity (Composite entropy): Quantile regression estimates

Q=20% Q=40% Q=60% Q=80%

Composite entropy 0.396 0.198 -0.231 -0.026

(0.388) (0.426) (0.296) (0.333)

Generalized residual -0.252 -0.139 0.236 -0.069

(0.414) (0.451) (0.315) (0.364)

Age of head 0.005 0.004 0.008** 0.011***

(0.005) (0.004) (0.003) (0.004)

Male headed -0.070 -0.038 -0.094 -0.061

(0.136) (0.101) (0.101) (0.101)

Household size -0.133*** -0.147*** -0.149*** -0.162***

(0.018) (0.014) (0.015) (0.018)

Head education -0.008 0.012 0.047 0.021

(0.058) (0.053) (0.048) (0.053)

Asset value (log) 0.102*** 0.094*** 0.090*** 0.077***

(0.019) (0.013) (0.015) (0.018)

Land size (log) 0.025 0.056*** 0.069*** 0.044*

(0.019) (0.018) (0.018) (0.023)

Livestock holding 0.006 -0.002 0.008 0.009

(0.009) (0.008) (0.006) (0.008)

Remittances 0.051 0.023 -0.017 -0.065

(0.042) (0.036) (0.031) (0.045)

Distance to road -0.012 -0.010 -0.015 -0.004

(0.017) (0.013) (0.012) (0.022)

Distance to market -0.011 -0.000 0.008 0.016

(0.008) (0.007) (0.006) (0.013)

Mundlak variables Yes Yes Yes Yes

Year Yes Yes Yes Yes

Constant 7.344*** 8.276*** 8.899*** 9.429***

(0.283) (0.271) (0.224) (0.280)

Observations 4520 4520 4520 4520

Note: Dependent variable is real consumption expenditure per adult equivalent. The variable is log
transformed and valued in Ugandan Shillings. Bootstrapped standard errors in parentheses with 500

replications; * p < 0.10, ** p < 0.05, *** p < 0.01; All regressions include control variables, time averages
of time varying variables, and year dummy.

124



appendix

Table B.10: Welfare effects of crop diversity (Berger-Parker): Quantile regression estimates

Q=20% Q=40% Q=60% Q=80%

Berger-Parker 0.051 0.040 0.042 0.041

(0.064) (0.049) (0.049) (0.056)

Generalized residual -0.030 -0.037 -0.038 -0.040

(0.068) (0.053) (0.050) (0.058)

Age of head 0.006 0.005 0.007** 0.011***

(0.006) (0.003) (0.003) (0.004)

Male headed -0.072 -0.027 -0.069 -0.042

(0.134) (0.101) (0.097) (0.108)

Household size -0.128*** -0.148*** -0.152*** -0.162***

(0.019) (0.014) (0.014) (0.019)

Head education 0.004 0.024 0.044 0.022

(0.057) (0.053) (0.048) (0.050)

Asset value (log) 0.102*** 0.094*** 0.091*** 0.079***

(0.019) (0.012) (0.015) (0.018)

Land size (log) 0.028 0.049*** 0.059*** 0.046**

(0.018) (0.018) (0.017) (0.021)

Livestock holding 0.005 -0.000 0.006 0.007

(0.009) (0.007) (0.006) (0.008)

Remittances 0.048 0.032 -0.016 -0.053

(0.045) (0.037) (0.033) (0.043)

Distance to road -0.009 -0.007 -0.016 -0.001

(0.015) (0.013) (0.011) (0.020)

Distance to market -0.013 -0.004 0.004 0.013

(0.009) (0.006) (0.005) (0.012)

Mundlak variables Yes Yes Yes Yes

Year Yes Yes Yes Yes

Constant 7.319*** 8.190*** 8.694*** 9.376***

(0.277) (0.213) (0.214) (0.256)

Observations 4518 4518 4518 4518

Note: Dependent variable is real consumption expenditure per adult equivalent. The variable is log
transformed and valued in Ugandan Shillings. Bootstrapped standard errors in parentheses with 500

replications; * p < 0.10, ** p < 0.05, *** p < 0.01; All regressions include control variables, time averages
of time varying variables, and year dummy.
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Table B.11: Effects of crop diversity on informal insurance: FE-IV estimates

Count Index Shannon-Weaver Composite Entropy Berger-Parker

Crop diversity -0.008 -0.151* -0.719** -0.093**

(0.016) (0.082) (0.300) (0.042)

Age of head -0.002 -0.001 -0.001 -0.001

(0.003) (0.003) (0.003) (0.003)

Male headed 0.001 0.003 0.009 0.009

(0.052) (0.051) (0.051) (0.051)

Household size -0.000 0.001 0.001 0.001

(0.008) (0.008) (0.008) (0.008)

Head education 0.025 0.031 0.035 0.031

(0.023) (0.023) (0.023) (0.023)

Asset value (log) -0.007 -0.006 -0.006 -0.008

(0.006) (0.006) (0.006) (0.005)

Land size -0.000** -0.000** -0.000** -0.000**

(0.000) (0.000) (0.000) (0.000)

Livestock holding -0.001 0.000 0.001 0.000

(0.004) (0.004) (0.004) (0.004)

Remittances 0.059*** 0.059*** 0.060*** 0.058***

(0.019) (0.019) (0.019) (0.019)

Distance to road -0.013 -0.012 -0.013 -0.011

(0.010) (0.010) (0.010) (0.010)

Distance to market 0.012 0.014* 0.015** 0.012

(0.009) (0.008) (0.007) (0.008)

Production shock 0.169*** 0.168*** 0.167*** 0.169***

(0.015) (0.015) (0.015) (0.015)

Health shock 0.428*** 0.429*** 0.431*** 0.436***

(0.027) (0.027) (0.027) (0.027)

High cost of inputs -0.087 -0.079 -0.073 -0.074

(0.064) (0.064) (0.066) (0.066)

Year Yes Yes Yes Yes

Constant -0.119 -0.045 0.143 0.035

(0.261) (0.251) (0.249) (0.257)

F test of excluded instruments 32.95*** 24.47*** 11.21*** 11.42***

Kleibergen-Paap Wald F statistic 32.95** 24.47** 11.21* 11.42*

Sargan-Hansen statistic 3.26 3.95 4.33 4.34

Observations 4520 4520 4520 4518

χ2
478.8*** 486.2*** 473.6*** 480.1***

Note: Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01
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Table B.12: Effects of crop diversity on involuntary diet change: FE-IV estimates

Count Index Shannon-Weaver Composite Entropy Berger-Parker

Crop diversity -0.032* -0.198* -0.676* -0.083

(0.019) (0.101) (0.371) (0.052)

Age of head -0.000 0.000 0.000 0.000

(0.003) (0.004) (0.004) (0.004)

Male headed -0.025 -0.017 -0.011 -0.012

(0.062) (0.063) (0.064) (0.062)

Household size 0.008 0.008 0.009 0.008

(0.007) (0.008) (0.008) (0.008)

Head education 0.007 0.011 0.012 0.008

(0.028) (0.028) (0.029) (0.028)

Asset value (log) -0.007 -0.007 -0.007 -0.009

(0.006) (0.006) (0.006) (0.006)

Land size -0.000* -0.000* -0.000* -0.001**

(0.000) (0.000) (0.000) (0.000)

Livestock holding -0.005 -0.004 -0.003 -0.004

(0.004) (0.004) (0.004) (0.004)

Remittances 0.004 0.005 0.006 0.004

(0.020) (0.020) (0.021) (0.020)

Distance to road 0.005 0.006 0.005 0.007

(0.009) (0.009) (0.008) (0.009)

Distance to market -0.005 -0.004 -0.003 -0.006

(0.006) (0.006) (0.006) (0.006)

Production shock 0.463*** 0.460*** 0.459*** 0.460***

(0.017) (0.017) (0.017) (0.017)

Health shock 0.070*** 0.072*** 0.074*** 0.080***

(0.026) (0.026) (0.027) (0.027)

High cost of inputs 0.018 0.029 0.032 0.031

(0.070) (0.070) (0.069) (0.068)

Year Yes Yes Yes Yes

Constant 0.485** 0.527** 0.670** 0.561**

(0.243) (0.247) (0.276) (0.253)

F test of excluded instruments 32.95*** 24.47*** 11.21*** 11.42***

Kleibergen-Paap Wald F statistic 32.95** 24.47** 11.21* 11.42*

Sargan-Hansen (Hansen J) statistic 6.80 6.47 5.78 5.64

Observations 4520 4520 4520 4518

χ2
1176.0*** 1147.4*** 1118.2*** 1115.4***

Note: Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01
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Table B.13: Crop diversity and welfare: Estimates from balanced panel

Count index Shannon-Weaver Composite Entropy Berger-Parker

A: Household dietary diversity
(1) FE-IV 0.112 0.992** 3.562* 0.402

(0.086) (0.501) (2.024) (0.248)

(2) 2SRI 0.120 1.366*** 5.163*** 0.294*

(0.081) (0.435) (1.498) (0.150)

(3) FE-Poisson 0.007** 0.039*** 0.097*** 0.008

(0.003) (0.014) (0.036) (0.005)

(4) Pooled OLS 0.133*** 0.498*** 0.896*** 0.102***

(0.020) (0.102) (0.288) (0.037)

B: Consumption expenditure
(1) FE-IV 0.042* 0.229* 0.623 0.120*

(0.022) (0.129) (0.497) (0.067)

(2) 2SRI 0.072*** 0.491*** 1.654*** 0.076*

(0.021) (0.117) (0.405) (0.041)

(3) CRE 0.013** 0.032 0.019 0.014

(0.006) (0.026) (0.071) (0.010)

(4) Pooled OLS 0.021*** 0.020 -0.108 -0.005

(0.006) (0.029) (0.082) (0.010)

Note: Number of observations is 3126. In panels A and B, (1) reports fixed effects-IV regression results;

(2) reports results from the 2SRI method; for Panel A, (3) reports coefficients of fixed effects poison and

in Panel B, (3) reports CRE estimates; (4) reports pooled OLS estimates in both panels; All regressions

include control variables and time dummies; Time averages of all explanatory variables are included in

(2). Standard errors in parentheses are clustered at the household; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.14: Crop diversity and risk coping: Estimates from balanced panel

Count index Shannon-Weaver Composite Entropy Berger-Parker

A: Informal insurance
(1) 2SRI -0.034** -0.231 *** -0.880*** -0.132***

(0.015) (0.079) (0.285) (0.038)

(2) FE-IV -0.007 -0.151 -0.795** -0.082

(0.018) (0.098) (0.379) (0.051)

(3) CRE probit -0.003 -0.044** -0.127** -0.022***

(0.004) (0.020) (0.053) (0.008)

(4) FE logit -0.071 -0.671** -1.919*** -0.295***

(0.053) (0.261) (0.729) (0.097)

B: Change in diets
(1) 2SRI -0.038*** -0.222*** -0.836*** -0.098

(0.013) (0.079) (0.308) (0.038)

(2) FE-IV -0.044** -0.237* -0.713 -0.105

(0.022) (0.124) (0.474) (0.067)

(3) CRE probit -0.010** -0.010 0.029 0.008

(0.005) (0.022) (0.059) (0.008)

(4) FE logit -0.066 -0.087 0.118 0.075

(0.046) (0.222) (0.596) (0.082)

Note: (1) reports average partial effects (APEs) from the 2SRI or control function method; (2) reports

fixed effects-IV regression results for both risk coping outcome equations where we allow endogeneity

of crop diversification; (3) reports APEs from CRE probit (pooled maximum likelihood estimations),

and (4) reports fixed effects logit coefficients; all regressions include control variables; (2) and (3) in-

clude time averages of all explanatory variables, year and region dummies. Standard errors in paren-

theses are clustered at the household level; * p < 0.10, ** p < 0.05, *** p < 0.01.
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F O O D S T O R A G E I N N O VAT I O N S , F O O D S E C U R I T Y A N D
W E L FA R E I N E T H I O P I A *

4.1 introduction

Postharvest loss presents a significant challenge for food security and agricultural
production efficiencies in developing countries. In developed economies, it is charac-
terized as a consumer behavior while it is largely caused by financial, managerial and
technical deficiencies in developing countries (Premanandh, 2011; FAO, 2011; Conteh
et al., 2015). Consequently, in developing countries, food loss is concentrated at stages
‘close to the farm’ such as production, handling, and storage (Parfitt et al., 2010; Prem-
anandh, 2011; Lipinski et al., 2013). The problem is more acute in Sub-Saharan Africa
(SSA) where a significant portion of the production is lost because of poor storage,
lack of structured markets, limited processing capacity and weather related factors
(Shiferaw et al., 2011; Tefera et al., 2011; Tefera, 2012; Affognon et al., 2015). While
global estimates show that roughly one-third of the food produced for human con-
sumption is lost or wasted (FAO, 2011), postharvest loss in SSA is estimated to be
about 37% which is equivalent to an annual per capita food loss between 120 and 170

kgs (FAO, 2011; Sheahan and Barrett, 2017).1 In Eastern and Southern Africa alone,
food losses are valued at $1.6 billion per year which is nearly 13.5% of the total value
of grain production (World Bank et al., 2011; Abass et al., 2014). This evidence sug-
gests that postharvest loss could be a threat to the food and nutrition security and
welfare of rural households.

Postharvest loss reduces the food available for consumption and, therefore, directly
affects food security, nutrition, and household consumption. Food loss tightens food
markets and increases food prices particularly during the lean season by cutting part
of the food supply in the markets (Tefera et al., 2011). This in turn lowers farmers’
income (Hodges and Stathers, 2013). For the rural poor who are often net-buyers of

* The content of this chapter is published as: Tesfaye, W. Tirivayi, N. (2018). The impacts of postharvest
storage innovations on food security and welfare in Ethiopia. Food Policy, 75(100), 52–67. An earlier
version of the chapter has been published as UNU-MERIT working paper #2016-063.

1 The postharvest loss estimates in SSA vary widely by region and crop type (Lipinski et al., 2013; Rutten,
2013; Rosegrant et al., 2015; Affognon et al., 2015). The value of post-harvest cereal grain losses alone
in SSA could total $4 billion a year that could feed about 48 million people at 2,500 kcal per person per
day (World Bank et al., 2011; Stathers et al., 2013).
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food, an increase in food prices would significantly lower the purchasing power of
their (disposable) income. Postharvest crop loss leads to grain quality deterioration
that forces farmers to end up supplying their produce to lower value and informal
markets (Hodges and Stathers, 2013). In the absence of well-functioning insurance
and credit markets, the risk of crop storage loss coupled with financial pressure or
liquidity constraints might compel farm households to sell most of their produce im-
mediately after harvest to finance household outlays (Tefera et al., 2011). As a result,
they might lose the opportunity to benefit from inter-seasonal price variations. More-
over, they will be forced to buy food during the lean season when prices are at their
peak. This would, ultimately, exert a negative effect on their welfare and access to
food (H.Gabriel and Hundie, 2006).

Besides its negative economic impacts, postharvest loss has substantial environmen-
tal repercussions manifested through the unsustainable use of scarce natural resources
(e.g., land, water), production inputs (fertilizer, pesticides) and energy (Lipinski et al.,
2013; Kummu et al., 2012; World Bank et al., 2011). Producing extra food to com-
pensate for losses also represents a waste of resources (Lipinski et al., 2013; Stathers
et al., 2013). This would not only result in long-term food insecurity and diminished
welfare but also jeopardizes future generations’ food production capacity. In sum,
postharvest loss entails opportunity costs and resource misallocation. Therefore, tack-
ling the causes of postharvest loss along the entire food chain would significantly help
in improving food security and welfare, and in reducing the environmental footprints
of food systems (Hodges et al., 2011; Kummu et al., 2012; Parfitt et al., 2010; Sheahan
and Barrett, 2017).

Improved storage technologies are useful strategies for preventing post-harvest
losses (World Bank et al., 2011) and improving household welfare (Fuglie and Bosch,
1995; Parmar et al., 2017).2 Improved crop storage technologies include metal silos, air
tight drums, modern store or improved locally made structures (Kaminski and Chris-
tiaensen, 2014; Lipinski et al., 2013; Rosegrant et al., 2015). These technologies could
also help households cope with increasing food demand, to improve the efficiency
of the agricultural sector, and enhance agricultural productivity and sustainability
(Basu and Wong, 2015; Lybbert and Sumner, 2012; Lipinski et al., 2013). However, for
many years, significant resources have been devoted towards increasing agricultural
production in developing countries, without an equal push for reducing postharvest
losses (World Bank et al., 2011; Affognon et al., 2015). Accordingly, there has been
bias towards production and pre-harvest research and policies. Due to the renewed
interest in agriculture in the aftermath of the recent food, climate and financial crises
(Dethier and Effenberger, 2012), postharvest loss mitigation interventions are now
seen as important elements of reducing food insecurity in SSA (Hodges and Stathers,
2013; Sheahan and Barrett, 2017; World Bank et al., 2011). As a result, a number of

2 See Stathers et al. (2013) for discussion of the possible channels through which postharvest manage-
ment (e.g. food storage) affects food security and wellbeing.
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improved storage technologies have been introduced to farmers in SSA (Hodges et al.,
2011; Tefera et al., 2011). However, few studies assess farm households’ decisions to
use such technologies and their impact on household welfare. The literature on the
welfare impacts of agricultural innovations is highly skewed to pre-harvest or produc-
tion technologies and the evidence base on the impacts of postharvest technologies is
thin.

Recent reviews of the literature on postharvest loss mitigation interventions and
their impact underscore the lack of rigorous studies that establish an empirical link
between these interventions (e.g. postharvest storage innovations) and household wel-
fare (Affognon et al., 2015; Sheahan and Barrett, 2017). Among the few exceptions is
a study by Gitonga et al. (2013). The authors use propensity score matching and find
that metal silos almost completely reduce postharvest storage losses, help farmers
increase months of maize storage, reduce expenditure on storage chemicals, enable
sale of surplus at higher prices and reduce the period of inadequate food provision in
Kenya. However, their evaluation approach did not control for possible bias from un-
observed endogeneity. Cunguara and Darnhofer (2011) use a doubly robust estimator,
sub-classification regression and matching methods, and find that improved granaries
had no significant impact on household income in rural Mozambique. Mutenje et al.
(2016), using a multinomial endogenous switching regression model, find that the
joint adoption of improved storage and improved maize varieties provides the high-
est maize yield in Malawi compared to other combinations of technologies. Using
double hurdle and Tobit models, Bokusheva et al. (2012) find that the use of metal
silos improves the food security and well-being of user households in four Central
American Countries (El Salvador, Guatemala, Honduras, and Nicaragua). They also
emphasize that a significant proportion of the metal silos are subsidized in most of
the Central American countries and in some cases, the metal silos are donated to poor
farmers.

This study focuses on Ethiopia, a Sub-Saharan African country where climate change,
postharvest loss, food insecurity, and undernutrition are ubiquitous. Food security
and child undernutrition remain critical issues in the country particularly in rural
areas. The major sources of food in Ethiopia are food grains (cereals, pulses, and oil
crops) followed by starchy roots and tubers such as potato, sweet potato and Ethiopian
banana (enset) (Chauvin et al., 2012; H.Gabriel and Hundie, 2006). At the farm level,
crop storage is mainly undertaken using traditional and poor quality practices such
as bags or sacks and traditional granaries (H.Gabriel and Hundie, 2006; Mengistu
and Garrard., 2014). While recent information on food crop storage technologies and
postharvest loss in Ethiopia is largely nonexistent, some estimates show that posthar-
vest loss ranges from 5% to 26% mainly due to poor storage and weakness in the
postharvest system (H.Gabriel and Hundie, 2006). Since many households in Ethiopia
suffer protracted periods of food shortage, such a loss is tremendous. Improved stor-
age methods have been promoted in Ethiopia for at least two decades by different
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organizations (e.g. the Sasakawa Global 2000 and Ethiopian Ministry of Agriculture
and Rural Development) through participatory action research and field demonstra-
tions (Mengistu and Garrard., 2014). However, we are not aware of any study that
rigorously demonstrates the impact of improved storage techniques on food and nu-
trition security and welfare. This study, therefore, aims to assess the food security
and household welfare impacts of postharvest food storage technologies. We employ
a diverse set of identification and estimation strategies that address selection bias and
endogeneity.

The chapter contributes to the bodies of literature on the impacts of agricultural
innovations, postharvest research and storage economics in the following ways. First,
unlike previous studies that used a single measure for food security, we use various
objective and subjective measures to capture the different dimensions of food security.
Second, in addition to contributing to the literature that links improved agricultural
innovations and household welfare, we extend the link to intrahousehold nutrition
security by estimating the impact on child growth. Until recently, there has been no
empirical evidence showing how improved crop storage techniques improve child
nutrition (Chaboud and Daviron, 2017). The study employed endogenous switching
regression treatment effects frameworks that are increasingly being used to evaluate
impact in a cross-sectional setting due to their merit in controlling for unobserved
endogeneity. We apply the endogenous switching regression models for both linear
and nonlinear outcomes.

The rest of the chapter is organized as follows. The next section describes the con-
ceptual framework, empirical estimation strategies. Section 4.3 discusses the data,
variables and provides descriptive statistics. Section 4.4 discusses the empirical re-
sults. The concluding section highlights the key findings and policy implications of
the study.

4.2 methodology

4.2.1 Conceptual framework

Farm households are heterogeneous agents and their decision to use improved storage
technology is constrained by resources, information and the availability of the tech-
nology (Foster and Rosenzweig, 2010). Investments on improved storage technologies
will only be attractive to a household if the perceived benefits substantially offset
the costs as technical superiority alone is insufficient. Hence, a household’s decision
to use the innovation could be viewed through the lens of constrained optimization
where the household chooses the technology if its use is expected to be beneficial
(de Janvry et al., 2010).
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Let Si denote a binary indicator of improved storage technology use. Let U1 denote
the benefit from the use of improved storage technologies and U0 denote the benefits
to the household of not using improved storage. Under a random utility framework,
a rational farm household will choose to use improved storage innovations if the net
benefit from use is positive i.e. U1 > U0. Since the net benefit or utility from use
(U∗ = U1 − U0) is not observable, it can be represented by a latent variable which
is itself a function of observed characteristics (Zi) and error term (ui). Hence, the
expected benefit to the ith household derived from the use of the technology can be
determined by a set of observable variables (Zi), variables that are not observable (ηi),
and an independently and identically distributed (i.i.d.) error term (ui).

Let E(U∗) denote the expected utility from the use of an improved storage tech-
nology. A household decides to use an improved storage technology if the net ex-
pected benefit or utility from use is positive i.e. if E(U∗) > 0 which means when
E(U1 − U0) > 0 or E(U1) > E(U0). However, the utility function is non-observable.
What we can observe are the actual outcomes: food security and welfare. Food se-
curity or welfare outcomes, Yi, are also a function of improved storage technology
use (Si), observed variables such as household characteristics, system level factors,
climatic factors and agroecology (Xi), unobserved variables such as innate abilities
and managerial capacity (Vi), and an iid error term (εi). The above relationships are
represented as follows.

Si = Si(Zi, ηi, ui) (4.1)

Yi = Yi[Xi, Si(Zi, ηi, ui), Vi, εi] (4.2)

The observed variables in the adoption (selection) and outcome equations (X and
Z), and the unobserved variables (η and V) can share elements. Hence, there is a
need to investigate the interdependence between the improved storage technology
adoption equation and outcome equations.

4.2.2 Estimation strategy

The interest here is to estimate the impact that use of improved storage technolo-
gies has on food security and welfare for user households. When households are
not randomly assigned to improved storage technology users or non-users, they ei-
ther self-select into use or the technologies might be provided to targeted households
(Alene and Manyong, 2007). Hence, the decision to use improved storage innovations
is considered potentially endogenous. Failure to account for selection bias and en-
dogeneity would obscure the true impact of the technology. Recent developments in
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the econometrics literature make an estimation of causal effects possible using non-
experimental techniques in the absence of randomization.

We address the selection and endogeneity problems by utilizing endogenous switch-
ing regression (ESR) models. which account for endogeneity by estimating a simulta-
neous equations model with endogenous switching using the full information maxi-
mum likelihood method (Lokshin and Sajaia, 2004, 2011). Although it relies on nor-
mality assumptions like the instrumental variable methods, the approach is more
efficient than instrumental variables techniques. By modeling both selection and out-
come equations, ESR has the advantage of controlling for factors which affect the
treatment itself and disentangling the factors influencing the outcomes among im-
proved storage technology users and non-users (Besley and Case, 2000). In addition
to accounting for selection bias arising from unobserved factors that potentially af-
fect both improved storage technology use and the outcomes, ESR models control for
structural differences between improved storage users and non-users regarding the
outcome functions (Alene and Manyong, 2007). Previous empirical studies have em-
ployed the framework to study the impact of modern technologies on food security
and welfare (Asfaw et al., 2012; Khonje et al., 2015; Shiferaw et al., 2014; Coromaldi
et al., 2015) and the impact of climate change adaptation on food security (Di Falco
et al., 2011).

4.2.2.1 Endogenous switching regression

Consider a farm household i that faces a decision on whether or not to use improved
storage technologies. Let Si take a value of 1 for households who decide to use an
improved storage technology and 0 otherwise. This leads to two possible states: a
decision to use (S = 1) and not to use (S = 0), and two population units: users and
non-users.

Conditional on the household’s decision to use an improved storage technology
denoted by a selection function, Si, there are two potential outcomes to the two pop-
ulation units: the outcome without treatment (Y0) and the outcome with treatment
(Y1). This can be put in a ‘potential outcome framework’ as:

Yi = (1 − Si)Y0i + SiY1i (4.3)

Yi =

Y1i, if Si = 1

Y0i, if Si = 0
(4.4)

The impact of treatment (treatment effects) is therefore Y1 − Y0. However, the chal-
lenge here is that the two outcomes cannot be observed simultaneously for a user
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household (Heckman et al., 1998). Hence, taking a simple difference and averaging
across a random sample of households cannot give the true effect of the treatment.
Endogenous switching regression is the most attractive approach for properly esti-
mating the treatment effect.

In the ESR model, the behavior of a farm household is described with two outcome
equations and a selection function that determines which regime the household faces.
A household’s decision to use an improved storage technology is represented by the
following latent variable framework (Lokshin and Sajaia, 2004, 2011).

S∗
i = τZi + ui (4.5)

With

Si =

1 if S∗
i > 0

0 if S∗
i ≤ 0

(4.6)

Conditional on selection, the outcomes are represented by a switching regime as
follows:

Regime 1 : yi1 = β1X1i + ε1i if Si = 1 (4.7)

Regime 2 : yi0 = β0X0i + ε0i if Si = 0 (4.8)

Z represents a vector of observable variables that will determine the decision to
use improved storage technologies such as household (head’s) characteristics, system
level variables, and climatic factors. In the continuous equations, yij are the outcome
variables; X1i and X0i are vectors of explanatory variables assumed to be weakly ex-
ogenous; and β1, β0, and τ are vectors of parameters to be estimated. The error terms
of the continuous outcome (ε1i and ε0i) and selection equations (ui) are assumed to
follow a trivariate normal distribution with zero mean vector and covariance matrix
defined as:3

Ω =

 σ2
u σ1u σ0u

σ1u σ2
1 .

σ0u . σ2
0

 (4.9)

3 σ2
u is the variance of the error term in the selection equation, and σ2

1 and σ2
0 are variances of the error

terms in the continuous equations. The covariances are given as non-diagonal values. The variance of
the error term in the selection equation can be assumed to be 1 (τ is estimable only up to a scalar factor).
In the covariance matrix, the dot (.) indicates that the two outcomes cannot be observed simultaneously
for a particular household (Lokshin and Sajaia, 2011).
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Since the error terms in the selection equation are correlated with those in the
outcome equations, the means (expected values) of the error terms in the outcome
equations conditional on the sample selection are non-zero (Di Falco et al., 2011). If
the estimated covariances turn to be significant, then improved storage technology use
and the outcomes are correlated and this provides evidence of endogenous switching.
The ESR model is estimated using full information maximum likelihood (Clougherty
and Duso, 2015; Lee and Trost, 1978; Lokshin and Sajaia, 2004).

After estimating the model’s parameters, the conditional expectations or expected
outcomes are computed as follows.

For improved storage technology users who actually used:

E(y1i|Si = 1, x1i) = x1iβ1 + σ1ρ1 f (τZi)/F(τZi) (4.10)

For improved storage technology non-users had they decided to use (counterfac-
tual):

E(y1i|Si = 0, x1i) = x1iβ1 − σ1ρ1 f (τZi)/(1 − F(τZi)) (4.11)

For improved storage technology users had they decided not to use (counterfactual):

E(y0i|Si = 1, x0i) = x0iβ1 + σ0ρ0 f (τZi)/F(τZi) (4.12)

For improved storage technology non-users who actually did not use:

E(y0i|Si = 0, x0i) = x0iβ1 − σ0ρ0 f (τZi)/(1 − F(τZi)) (4.13)

Following Heckman et al. (2001) and Di Falco et al. (2011), the treatment effect
on the treated (TT) is computed as the difference between the expected outcomes
for farm households that used improved storage (equation 4.10) and the counterfac-
tual hypothetical cases that they did not use (equation 4.12). The treatment effect on
the untreated (TU) is computed as the difference between the outcomes they would
have obtained in the counterfactual scenario that they decided to use (equation 4.13)
and the expected outcomes for farm households who did not use improved storage
(equation 4.11). The conditional expectation equations are also used to calculate het-
erogeneous effects (Di Falco et al., 2011; Carter and Milon, 2005). Households that
use improved storage innovations may have better food security or welfare than the
households that did not use regardless of the fact that they decided to use, but be-
cause of unobserved characteristics such as skills and knowledge i.e. the effect of base
heterogeneity (Carter and Milon, 2005). The computation of the effect of base hetero-
geneity for households that decided to use (BH1) and for the households who did not
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Table 4.1: Conditional expectations, treatment effects, and heterogeneous effects

Sub-samples Decision stage Treatment effects

To use Not to use
User households (a) E(y1i|Si = 1) (b) E(y0i|Si = 1) TT
Non-user households (c) E(y1i|Si = 0) (d) E(y0i|Si = 0) TU
Heterogeneous effects BH1 BH0 TH

Note: TT: the effect of the treatment (use of improved storage) on the treated (user households)
TU: the effect of the treatment on the untreated (non-user households)
BHi = the effect of base heterogeneity for households that used (S=1) and did not use (S=0)
TH = TT – TU is the transitional heterogeneity

use improved storage technologies (BH0) is indicated in Table 4.1. Another important
statistic is transitional heterogeneity (TH) which measures whether the effect of the
improved storage technologies use is larger or smaller for households that used or for
households that did not, in the counterfactual case that they did use (Di Falco et al.,
2011).

4.2.2.2 Endogenous switching probit model

We are also interested in estimating the impact of improved storage innovations on
various binary outcome measures of food security. Unlike for continuous outcome
variables, accounting for sample selection and endogenous switching for binary out-
comes where the data is fit using non-linear models is challenging (Heckman, 1986;
Miranda and Rabe-Hesketh, 2006). Estimations using two-stage procedures (such as
Heckman’s sample selection model) would lead to wrong conclusions and produce
inconsistent results. Hence, we utilize the endogenous switching probit framework
which is analogous to the endogenous switching regression used for the continuous
outcomes (Lokshin and Glinskaya, 2009; Lokshin and Sajaia, 2011; Miranda and Rabe-
Hesketh, 2006). The endogenous switching probit framework simultaneously models
the use of an improved storage technology and the binary outcome equations in two
stages. The first stage estimates the farm households’ decision to use improved storage
technologies using a probit model. In the second stage, the relationship between the
binary outcomes and improved storage use along with a set of explanatory variables
is determined using a probit model with selectivity correction.

Following Lokshin and Sajaia (2011), the binary outcomes conditional on improved
storage use are specified as an endogenous switching regime model:

Regime 1 : y∗1i = β1X1i + ε1i, y1i = I(y∗1i > 0) (4.14)
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Regime 2 : y∗0i = β0X0i + ε0i, y0i = I(y∗0i > 0) (4.15)

observed is a dichotomous realization of the latent variables and it is defined as:

yi =

y1i if Si = 1

y0i if Si = 0
(4.16)

where y∗1i and y∗0i are the latent variables that determine the observed binary out-
comes y1 and y0 for improved storage users and non-users, respectively. X1 and X0

are vectors of weakly exogenous variables; β1 and β0 are vectors of parameters to be
estimated, and ε1i and ε0i are the error terms in the outcome equations.4 We used a
full information maximum likelihood (FIML) endogenous switching probit model to
estimate the parameters of interest (see Lokshin and Glinskaya (2009); Lokshin and
Sajaia (2011).

The effects of improved storage technology use on binary outcomes are estimated
based on the methodological framework developed by Aakvik et al. (2000) and Lok-
shin and Sajaia (2011). Like the ESR model for continuous outcome variables, the
switching probit model also allows for the estimation of the treatment effects on the
treated (TT) and the treatment effects on the untreated (TU). The model also estimates
the impact of using an improved storage technology for a household randomly se-
lected from the population of households with characteristics x (treatment effect, TE).
The treatment effect can vary not only by the observed household characteristics (x)
but also by unobserved characteristics (µ) (Lokshin and Glinskaya, 2009). We account
for the effects of unobserved heterogeneity by estimating marginal treatment effects
(MTE) that determine the effect of using an improved storage technology on house-
holds that are motivated to change their outcomes because of the improved storage
technology (Heckman and Vytlacil, 2005; Lokshin and Glinskaya, 2009).

An exclusion restriction is used for better identification of both the ESR and en-
dogenous switching probit models. Selection of the exclusion restriction is guided by
economic theory and empirical studies. Di Falco et al. (2011); Shiferaw et al. (2014);
Khonje et al. (2015) used information sources such as government extension, farmer-
to-farmer extension, radio information, market and climate information and distance
to inputs as exclusion restrictions. In this study, the presence of an agricultural de-
velopment or extension agent in the village is used as an exclusion restriction based
on two reasons. First, extension services are the primary source of knowledge and
information about new and improved technologies for farmers especially when the
cost of information and knowledge is prohibitive (Genius et al., 2014; Krishnan and

4 In the formulation of the endogenous switching probit model, Zi represent a vector of variables which
will determine a switch between the regimes.
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Patnam, 2014). In addition to its role in developing the skills and knowledge of farm-
ers to adopt new and improved technologies, extension could play a vital role in the
facilitation of linkages with other institutional support services such as input supply,
output marketing, and credit. Second, development or extension agents are usually
assigned at the administrative level and their assignment is less likely to be influ-
enced by households’ behavior. Besides, the presence of extension agent in the village
or community is independent of the farmer’s decision to use an improved storage
technology (Kadjo et al., 2013).

A falsification test for admissibility of the exclusion restriction confirms that it is
a plausible instrument since the variable is significantly correlated with use of im-
proved storage technologies (p < 0.01), but not correlated with the outcomes for
non-user households (table C.5, Appendix C) (Di Falco et al., 2011). We conduct ad-
ditional tests for the strength and validity of the instrument (table C.6). Wooldridge’s
(1995) score which tests for whether the instrument is uncorrelated with the error
term of the outcome equation fails to reject the null hypothesis that the instrument
is valid and excludable from the outcome equation. The Anderson canonical corre-
lation statistic rejects the null hypothesis of under-identification of the model at less
than 1% an indication that the excluded instrument is relevant (Baum et al., 2007).
We also estimated the Cragg-Donald chi-square statistic which also rejects the null
of weak identification at less than 1% level of significance. Furthermore, we assessed
weak-instrument robust inference using the Anderson–Rubin’s test (Baum et al., 2007)
which also confirmed the strength of the selection instrument.

4.2.2.3 Matching and Inverse probability weighting methods

We compare the ESR model results with results from Kernel-based matching and in-
verse probability weighting estimates. Kernel matching is a non-parametric matching
estimation that uses weighted averages of all individuals in the control group to con-
struct counterfactual outcomes of a treated observation (Heckman et al., 1998). It mini-
mizes the risk of bad matches that would arise from using nearest neighbor matching
methods (Caliendo and Kopeinig, 2008). Inverse probability weighting (IPW) is an-
other method for adjusting for confounding when using observational data (Curtis
et al., 2007; Donald et al., 2014). Unlike matching techniques, IPW assigns greater
weights to control groups with higher estimated probabilities of selection into the
treatment (Handouyahia et al., 2013). Another attractive feature of IPW is its efficiency.

Various diagnostics are undertaken to check the quality of the matching. A visual
inspection of the density distribution of the propensity scores and the overlap in the
distribution of the propensity scores (figure C.1, Appendix C) indicates that the com-
mon support condition is satisfied. Diagnostic tests also show a fairly low pseudo
R2, high total bias reduction and insignificant p-values of the LR test after match-
ing (Table C.7, Appendix C), which provides evidence that the proposed specification
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is successful in terms of balancing the distribution of the covariates between the im-
proved storage technology user and non-user groups. Estimates from propensity score
matching are sensitive to hidden bias or unobserved factors. The thresholds at which
the estimates are sensitive to such bias are computed using the Rosenbaum bounds
(rbounds) for continuous outcomes and MH bounds (mhbounds) for binary outcomes
(see Becker and Caliendo (2007)). The results are summarized in Table C.8 (Appendix
C).

4.3 data and descriptive statistics

4.3.1 Data

This study uses data from Ethiopian Socioeconomic Survey (ESS), a nationally repre-
sentative survey of rural households of Ethiopia from 2013/14. The data is collected
under the Living Standards Measurement Study-Integrated Surveys on Agriculture
(LSMS-ISA) initiative of the World Bank in collaboration with Central Statistical Au-
thority of Ethiopia. The data were collected in three rounds of visits to the households.
The first round was carried out in September and October 2013 and collected infor-
mation on post-planting agriculture activities. The second round was conducted in
November-December 2013 to complete the livestock questionnaire. Information on
post-harvest agriculture and household characteristics were collected during the third
round that took place from February-April 2014. The survey collected detailed infor-
mation on demographics, health (including anthropometric measurements for chil-
dren), food and non-food consumption expenditure, food security, shocks, and safety
nets, land holding, crop harvest, storage, and utilization. In addition to the house-
hold data, the survey solicited community level information on access to services
such as weekly markets, cooperatives, financial institutions, irrigation schemes and
the presence of agricultural development or extension agent. The household location
is geo-referenced which enables linking the household data with geographic data sets
including climatic variables (rainfall and temperature) and geographic characteristics
such as distance to main markets, nearest road, and population centers.

The LSMS-ISA dataset lacks information on some key variables which restricts the
scope of our analysis. There is no data on the costs and source markets of the storage
technologies, the length of the storage period, seasonal price data for crops, timing
of adoption or dis-adoption of storage technologies and whether they were promoted
or donated. We did not report postharvest loss in our analysis since most of the
respondents did not respond to the question.5 The analysis is done based on a sample

5 Some of the questions in the post-harvest module are not adequate to derive relevant postharvest
information such as amount of postharvest loss. There are also data limitations in response as observed
by many missing values to some of the postharvest questions including the amount of postharvest loss.
Readers can refer the study by Mezgebe et al. (2016).
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of 2,136 rural households, of which 454 are improved storage technologies users and
1,682 are non-users.

4.3.2 Variables and descriptive statistics

4.3.2.1 Crop storage methods

The improved crop storage technology variable is constructed from the postharvest
agriculture module of the LSMS-ISA data for Ethiopia. Households were asked: “Do
you have any of the harvested crop in storage now?” and “What is your main method
of storage for this crop?”. In this study, improved storage technologies refer to the
use of metal silos, air tight drums, modern store or improved locally made structures
such as improved granaries (Kaminski and Christiaensen, 2014; Lipinski et al., 2013;
Rosegrant et al., 2015). Use of improved storage technology is defined as a binary
variable taking a value of 1 for users and 0 for non-users. Previous studies focus on
a single improved storage method and single crop (Bokusheva et al., 2012; Gitonga
et al., 2013). Due to data constraints, it is not possible for us to conduct a separate
analysis for a single crop or a single crop group. Therefore, we focus on the use of
improved storage technologies for food crops including food grains, roots and tubers,
and fruits and vegetables. The choice of the food groups is also based on their con-
tribution to household food security and income in the Ethiopian context (Chauvin
et al., 2012; H.Gabriel and Hundie, 2006). Although such aggregation might have a
limitation since different crop (crop groups) might have different storage properties
(e.g. perishability, value), it is also important to learn the effects of the storage tech-
nologies to households’ food security and welfare since households often use different
storage mechanisms for various crops.

Table 4.2 summarizes the main crop storage methods used by the sample house-
holds. At the household level, bags, ‘gotera’ and heaping in the house or unprotected
piles are the common non-improved storage methods for food grains. Metal silos
are the only improved storage technologies for food grains although they are only
used by about 1% of the households. Airtight drums are the dominant improved stor-
age methods for storing roots crops, followed by sacks or open drums, and locally
made structures. Hermetic storage containers such as metal silo or airtight containers
offer greater food crop management flexibility under volatile climatic conditions pro-
vided that farmers have dried their grain sufficiently (Stathers et al., 2013). Common
methods for storing vegetables are sacks/open drum, air tight drum, locally made
structures, and unprotected piles. Use of modern storage and improved locally made
structures for storing food crops is rare. Overall, the proportion of households who
use any improved storage technology for food crops is about 21.3%. This figure falls
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within the 12% to 74% range for adoption rate of postharvest innovations reported in
Affognon et al. (2015).6

Table 4.2: Food storage methods used by sample households

Use by crop group (%)

Overall use (%) Food grains Roots crops Vegetables & fruits

Improved storage

Airtight drum 20.5 79.4 35.6

Improved local structures 0.04 0.2

Modern store 0.1 0.2

Metal silo 1.0 1.0

Non-improved storage

Bags in house/sacks 61.8 61.0 17.6 47.8

Goteraa
33.6 35.2

Locally made structures 3.2 8.1 16.1

Heaping/unprotected piles 9.2 13.9 0.2 12.8

Other methods 23.8 25.5 3.0 6.1

Observationsb
2,136 2,038 432 180

Note: (a) Gotera is a local or traditional grain storage facility in Ethiopia; (b) The statistics for the crop
groups is based on the number of households who report storage during the survey. In some cases, the
sum of percentages may exceed 100% since households might use more than one storage method for
different crops.

4.3.2.2 Outcome variables

This paper utilizes both objective and subjective measures of food security. This ad-
dresses the limitations of previous studies which used a single measure without align-
ing different measures of food security with the food security dimensions. The key
indicator for food security is the household dietary diversity score (HDDS) which is
computed as the number of food groups (from 12 food groups) consumed in a week
before the survey.7 The household dietary diversity score is an attractive proxy indi-
cator for food security and the socio-economic ability of a household as it is highly
correlated with caloric, protein and nutrient adequacy, household income and child
nutritional status (Swindale and Bilinsky, 2006; Webb et al., 2006). It is used as a proxy

6 Storing well dried crops with effective chemicals (e.g. recommended pesticides) would be improved
storage method. In the LSMS-ISA survey, households were asked if they do spray, use chemicals, or
other methods to protect the stored crop. However, it is not clearly stated if the chemicals are rec-
ommended or not. Existing studies show that farmers often utilize crop protection chemicals which
are not recommended (Sheahan and Barrett, 2017). Therefore, we are unable to use the available crop
protection data and cannot depict it as an improved crop storage method.

7 The 12 food groups include: (i) cereals, (ii) roots & tubers, (iii) vegetables, (iv) fruits, (v) meat and
poultry, (vi) eggs, (vii) fish and sea food, (viii) pulses, (ix) milk and milk products, (x) oil/fats, (xi)
sugar/honey, and (xii) miscellaneous food items.
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for food security (food access) and diet quality (Jones et al., 2014; Maxwell et al., 2014).
In addition to the household dietary diversity score, we compute the minimum accept-
able diet, a binary variable which takes a value of 1 if the HDDS is greater than or
equal to 4, 0 otherwise (Labadarios et al., 2011). This indicator shows us whether
households are consuming diets which offer them some diversity in terms of both
macro and micronutrients. The bivariate statistics shows that improved storage users
have higher dietary diversity score than non-user households on average. Improved
storage users also consume a more diverse diet and the difference is statistically sig-
nificant (Table 4.3).

Other food security indicators that are used in the study include self-reported food
insecurity and coping strategies. Such indicators capture household behaviors regard-
ing anxiety and uncertainty over household insecure access or food supply (Coates,
2013; Cordeiro et al., 2012; Maxwell et al., 2014; Swindale and Bilinsky, 2006). The self-
reported food insecurity is a dummy variable taking the value of 1 if the household
worries that there would be no enough food for the household due to lack of resources
and 0 otherwise. Closely following the existing literature (Coates et al., 2006; Maxwell
et al., 2008), we combine the individual coping strategies to construct two indicators
of food security: negative change in diet and reduced food intake. Negative changes
in diet include strategies where the households have to rely on less preferred foods
or limit the variety of foods eaten which corresponds to dietary change. Reduced
food intake is very similar to food rationing and is constructed from strategies such
as limiting the number of meals taken per day as well as the portion size, restricting
consumption of adults so that children can eat, and borrowing food or relying on
external help from others. Both negative change in diet and reduced food intake are
constructed as binary variables. The proportion of households who reduce their food
intake during times of food shortage is found to be significantly higher for improved
storage user households than non-user households (Table 4.3).

Per capita food consumption expenditure is the other objective measure of food se-
curity. The variable is computed as the total value of food consumed by the household
from own production, purchase from the market or from gifts and other sources. Per
capita total consumption expenditure is used as an indicator of household welfare
(Deaton, 2003; Moratti and Natali, 2012). It is constructed by adding food consump-
tion expenditure and non-food expenditure. Both measures are scaled to per month
units and expressed in Ethiopian Birr. As can be seen from Table 4.3, the difference be-
tween the two groups in terms of per capita food and total consumption expenditure
is not statistically significant.

The nutritional status of under-5 children is measured using anthropometric mea-
sures. We used stunting and wasting as indicators of child malnutrition. Stunting
is the most important long-term indicator of child nutritional status and wasting is a
short term indicator of acute malnutrition (WHO, 1995; Manda et al., 2016; Slavchevska,
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2015). Two indices, height-for-age (HAZ) and weight-for-height (WHZ) were con-
structed and recorded as a z-score, which describes the number of standard devia-
tions by which the child’s anthropometric measurement deviates from the median in
the 2006 WHO child growth standards. The z-score cut-off point between -3 and -2
denotes moderate stunting and wasting suggesting moderate undernutrition, and a
z-score of less than -3 defines severe stunting or wasting which shows severe under-
nutrition (WHO, 1997). Our analysis shows that both stunting and wasting are highly
prevalent among non-user households. Nonetheless, the difference between users and
non-users is not statistically significant.

Table 4.3: Summary statistics of food security and welfare of the sample households

Users Non-users

Mean Std.Dev Mean Std. Dev. t

Food and nutriton security

Dietary diversity score 5.92 1.69 5.67 1.80 2.62***

Minimum acceptable diet 0.93 0.89 2.20**

Self-reported food insecurity (%) 12.6 12.4 0.11

Per capita food consumption (ETB) 307.184 303.04 338.60 657.26 -0.99

Per capita total consumption (ETB) 459.37 415.01 506.28 902.51 -1.08

Negative change in diet (%) 19.8 17.7 1.03

Reduced food intake (%) 20.7 15.2 2.80***

Observations 454 1,682

Child growth

Child is stunted (%) 38.2 41.3 -1.04

Child is wasted (%) 6.68 9.45 -1.63

Observations 351 1,216

Note: ETB is the Ethiopian currency. Analysis of the child nutrition impacts of improved storage is done

on the sample of under-5 children taken from the households. In our sample, about 46% of the 2,136

sample households do not have children under 5 years of age. * p < 0.10, ** p < 0.05, *** p < 0.01;

Although the mean comparison tests provided an overview of the food security
and welfare of improved storage technology user and non-user households, a sim-
ple mean comparison of the outcomes is misleading since the two groups might be
systematically different in their observed and unobserved characteristics. We account
for these concerns by employing estimation strategies that estimate causal effects and
control for differences in observed and unobserved characteristics.
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4.3.2.3 Choice of explanatory variables

Variables that would affect the decision to use improved storage technologies and
the outcomes were selected based on economic theory, empirical studies on technol-
ogy adoption, and data availability. The main variables of interest are mainly drawn
from the literature on adoption and impact of agricultural innovations (Asfaw et al.,
2012; Coromaldi et al., 2015; Manda et al., 2016; Di Falco et al., 2011; Khonje et al.,
2015; Mutenje et al., 2016; Shiferaw et al., 2014; Cunguara and Darnhofer, 2011) and
postharvest economics (Affognon et al., 2015; Bokusheva et al., 2012; Gitonga et al.,
2013; Kaminski and Christiaensen, 2014; Stathers et al., 2013). Factors that commonly
influence the adoption of agricultural innovations, food security, and welfare include
household characteristics (gender of the household head, age, and education of the
household head, household size), and household wealth indicators (livestock own-
ership, farm size, and asset ownership, off or non-farm income opportunities, etc).
Other factors include access to credit or finance, information, social safety nets, access
to markets and infrastructure. Also included are production shocks (if the household
reports crop damage due to drought) and market shocks (whether the household re-
ports a rise in the prices of food items). The average annual rainfall and temperature
patterns, as well as those from the wettest quarter, are introduced to account for the
effect of pre and post-harvest rainfall and temperature patterns (Kaminski and Chris-
tiaensen, 2014). We also controlled for the effect of child characteristics (gender and
age) and access to improved water sources and sanitation on child nutritional status
(Manda et al., 2016). We used the same set of variables in the endogenous switching
regressions, propensity score matching and inverse probability weighting estimations.
Description of the main explanatory variables and the descriptive statistics is provided
in Table C.1 (Appendix C).

4.4 results and discussion

Results of the econometric models are presented in the succeeding sections. We first
discuss the results of the first stage (probit) results of the endogenous switching re-
gression which estimates the determinants of household’s decision to use improved
storage technologies (Table C.2, Appendix C).

4.4.1 Drivers of improved storage technology use

The statistical significance and sign of the estimated coefficients of the determinants of
improved storage technology use (Table C.2) are broadly consistent with the literature
(Affognon et al., 2015). The probability to use improved storage technologies increases
with age of the household head. Age could be a proxy for experience and experienced
farmers are more likely to be knowledgeable about the problem of and potential
solutions for postharvest storage losses and would, therefore, be more proactive in
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using improved storage technologies (Gitonga et al., 2013). The probability of using
improved storage technologies increases with distance from the main market. This
suggests that farm households located far from markets might rely on the use of
improved storage technologies in order to be less dependent on markets for food.

The probability to use improved storage technologies falls with the presence of large
weekly market in the community. This indicates the role of improved storage as a sub-
stitute for local markets. The positive coefficient for distance to administration may
signify that remote households use improved storage technologies in order to reduce
dependence on external support for food. The decision to use improved storage tech-
nologies is negatively correlated with distance to the major road. This could be due to
two possible reasons. One, households located farther from the major road might be
less likely to get access to information about postharvest loss mitigation alternatives.
Second, farming households with limited access to infrastructure such as passable
roads might have less incentive to produce and store for markets. Hence, they would
rather rely on traditional storage techniques to store food for consumption.

Access to extension services is positively correlated with improved storage tech-
nology use which is consistent with results from a previous study (Adegbola et al.,
2011). Improved storage technology use is also positively correlated with access to
finance and non-farm business ownership. This is expected since non-farm income
opportunities and access to finance relax capital or income constraints which are the
major factors that deter the use of improved storage technologies (Gitonga et al., 2013).
However, social transfers have a negative correlation, possibly since transfer programs
are often a supplement to food availability and would discourage investments in im-
proved storage (Gitonga et al., 2013; Sheahan and Barrett, 2017). Improved storage
technology use is also positively correlated with the presence of a village irrigation
scheme. Access to irrigation raises production which may increase the demand for
improved storage facilities that allow farmers to benefit from inter-temporal price
arbitrage (World Bank et al., 2011).

Mean annual temperature is positively correlated with the use of improved storage
technology. This could be possible since an increase in temperature could affect post-
harvest activities. An increase in temperature would lead to a quicker reproduction of
insect pests and fungi which would corrupt the stored produce (Stathers et al., 2013).
An increase in temperature could also reduce the effectiveness of informal safety nets
and induce seasonal price volatility that would necessitate the use of improved storage
methods (ibid). An increase in the mean temperature of the wettest quarter is nega-
tively correlated with the use of improved storage technology. A possible explanation
is that the mean temperature of the wettest quarter would exert stress on crops due
to crop moisture loss. This would result in crop damage which reduces the demand
for improved storage technologies during harvests. There is a positive and statistically
significant correlation between annual rainfall and improved storage technology use.
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This is not surprising since production would increase with rainfall and this would
induce demand for improved storage technology.

4.4.2 Endogenous switching regression results

4.4.2.1 Endogenous switching regression: Treatment Effects

The full information maximum likelihood (FIML) estimates of the ESR model are
presented in Tables 4.4 and C.3 in Appendix C. The Wald tests confirm the joint sig-
nificance of the error correlation coefficients in the selection and outcome equations
(Table C.3). Significant correlation coefficients of the selection equation and some of
the outcome equations for improved storage technology users indicate the presence
of self-selection in the use of improved storage technologies. This also suggests that
improved storage technology use had a significant impact on the corresponding out-
comes among users, and users would have gained greater benefits from improved stor-
age technology use than non-users had non-users chosen to use (Alene and Manyong,
2007). Insignificant correlation coefficients of the improved storage technology use e
and outcome equations for non-users imply that users and non-users have the same
values of outcomes given their observed characteristics. However, the differential ef-
fects of improved storage technologies on the two groups is possibly due to initial
differences in unobserved factors (ibid).

The correlation coefficients between the error terms of the improved storage use
and food security outcome equations have similar signs. This suggests the presence
of hierarchal sorting where improved storage technology users have above average
returns irrespective of use, but t are better off using improved storage technologies,
while non-users have below average returns regardless of use but are better off not
using improved storage technologies (Alene and Manyong, 2007; Fuglie and Bosch,
1995). In the welfare equation, the error correlation coefficients alternate in signs an
indication that improved storage technology use is driven by comparative advantage
where improved storage technology users have above average returns from using and
non-users have above average returns from non-use (Alene and Manyong, 2007; Fuglie
and Bosch, 1995). Table 4.4 presents the expected values of the various outcomes under
the actual and counterfactual conditions and the resulting treatment effects.
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Table 4.4: Endogenous switching regression based treatment effects

Outcomes
Household type Decision stage

ATEs
and treatment effects

To use Not to use

Dietary diversity score User (ATT) 5.92 5.67 0.25(0.05)***

Nonuser (ATU) 7.66 5.65 2.01(0.05)***

Heterogeneous effects -1.74 0.02 -1.76

Per capita food consumption User (ATT) 5.44 5.45 -0.01(0.02)

Nonuser (ATU) 5.45 5.44 0.01(0.02)

Heterogeneous effects -0.01 0.01 -0.02

Per capita total consumption User households (ATT) 5.88 5.91 -0.03(0.02)

Nonuser (ATU) 6.00 5.91 0.10(0.02)***

Heterogeneous effects -0.12 -0.00 -0.13

Note: ATT – Average Treatment Effect on the Treated, ATU –Average Treatment Effect on the Untreated,

ATE – Average Treatment Effects; Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01;

both per capita food consumption expenditure and per capita total consumption expenditure are log

transformed.

The results from the ESR models show that use of improved storage technologies
increases household dietary diversity. The expected dietary diversity score for user
households is 5.92 while it is 5.65 for non-users. In the counterfactual case, users
would have obtained a dietary diversity score of 5.67 had they decided not to use.
Hence, improved storage technology use increased the dietary diversity score by
0.25 points for users. In the counterfactual case, non-user households would have
increased the dietary diversity score by about 2.0 points had they used. Improved
storage technologies can increase dietary diversity by reducing postharvest loss, en-
couraging farmer’s production of diverse crops and enabling households to bene-
fit from price seasonality and ultimately purchase different foods (Omotilewa et al.,
2016). This result is consistent with other studies that find a positive link between im-
proved storage technologies and food security (Gitonga et al., 2013; Snapp and Fisher,
2015). The impact of improved storage technologies on per capita food consumption
expenditure and per capita total consumption expenditure is insignificant for users.
However, non-users would have had higher per capita consumption expenditure had
they decided to use. Basu and Wong (2015) also find that improved food storage tech-
nologies had a non-significant impact on staple consumption in Indonesia. Cunguara
and Darnhofer (2011) also find that improved granaries have insignificant impact on
household income in Mozambique.

The negative base heterogeneity effect for the outcomes implies that user house-
holds have lower food security and welfare possibly due to unobservables. This could
also be the result of targeted and donated storage technologies (if any). After adjusting
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for the potential heterogeneity in the sample, there is evidence that user households
tend to have benefits lower than the average irrespective of use, but they are better
off using than not using (Di Falco et al., 2011). The negative transitional heterogeneity
effect also indicates that the impact would have been higher for non-user households
had they decided to use.

Table C.3 shows differences in the coefficients of the explanatory variables in the
outcome equations of user and non-user households, which illustrates the presence
of heterogeneity in the sample (Di Falco et al., 2011). Overall, the household demo-
graphic characteristics are important determinants of the outcomes for both user and
non-user households. Some of the explanatory variables have a heterogeneous associ-
ation with the outcomes of user and non-user households. For non-user households,
dietary diversity score increases when the head is male but decreases with the age of
the head. However, gender and age of the household head are not correlated to the
dietary diversity of user households. Among non-user households, primary educa-
tion or less for the household head is associated with lower dietary diversity. Among
user households, post-primary education for the household head is correlated with
higher dietary diversity. Although user and non-user household heads have the same
average education, this does not necessarily mean that the education has the same
effect on outcomes for both groups of households as the quality of education may
vary across the groups. Kaminski and Christiaensen (2014) also show that primary
education alone is not sufficient to decrease post-harvest loss. Livestock holdings and
mobile phone ownership are positively correlated with food security regardless of im-
proved storage technology use. However, farm size and asset holdings are positively
correlated with the dietary diversity of non-user households.

Interestingly, the presence of a large weekly market in the community is positively
correlated with the dietary diversity of non-user households. This is possible since
non-users who rely on traditional storage technologies could still need to increase
diversity by purchasing foods from local markets. Results also show that distance to a
major road is negatively correlated with the dietary diversity of user households. Di-
etary diversity also decreases with distance to the nearest market for non-user house-
holds, but the correlation is insignificant for user households. This provides further
evidence that improved storage technologies can improve food security by enhancing
the consumption of own production in areas where households do not have access
to markets (Carletto et al., 2015; Basu and Wong, 2015). The use of improved storage
technologies may also decrease the need for traveling to markets to buy food. Hence,
storage innovations not only improve stocks but may decrease transactions costs in-
curred when purchasing food.

Climatic factors and shocks also have differential associations with the dietary di-
versity of user and non-user households. Dietary diversity diminishes as mean annual
temperature increases for non-users. A possible explanation is that an increase in tem-
perature could lead to the wilting of harvests stored in poor conditions more than
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they would reduce postharvest losses through the lowering of humidity. This would
lead to the consumption of less diverse foods. However, dietary diversity is positively
associated with the mean temperature of the wettest quarter for non-user households.
An increase in the average temperature in the wettest season could counteract the
higher humidity that would adversely affect storage conditions. Mean annual rain-
fall is positively correlated with the dietary diversity of non-user households. An
increase in rainfall is often associated with an increase in food production that would
increase dietary diversity. The amount of rainfall in the wettest quarter is negatively
correlated with dietary diversity of users and non-users, which is unsurprising since
large amounts of rainfall during the wettest quarter would adversely affect crop pro-
duction, increase rotting and pest infestations during storage and impede access to
markets due to the poor quality of the roads in rural areas. Exposure to production
shocks is negatively correlated with the dietary diversity of user households. A pos-
sibility is that households who experience severe drought may end up storing only a
few staple crops which would reduce dietary diversity. Market shocks reduce dietary
diversity for non-user households however the association is insignificant for user
households. Hence, improved storage technologies can safeguard households from
market shock-induced food insecurity.

4.4.2.2 Endogenous Switching Probit model results

Results of the FIML endogenous switching probit model which estimated the impact
of improved storage technology use on binary food security outcomes are provided
in Table 4.5.8

Results show that the use of improved storage technologies increases the prob-
ability of consuming a minimum acceptable diet by about 7 percentage points for
user households than in the counterfactual scenario of non-use. Non-user households
would have increased the probability of meeting a minimum acceptable diet by about
6 percentage points had they used improved storage technologies. Use of improved
storage technology lowers the probability of reporting food insecurity by 20 percent-
age points. This is consistent with the findings of Basu and Wong (2015), Bokusheva
et al. (2012), and Gitonga et al. (2013). The use of improved storage technology also
reduces the likelihood of negative change in diet by 89 percentage points. This indi-
cates that households who use improved storage facilities are less likely to consume
food items of less preference or to reduce the variety of foods consumed than in the
counterfactual of non-use. However, we find that the use of improved storage tech-
nologies increases the probability of households reducing food intake during periods
of food shortage by 13 percentage points compared to the counterfactual of non-use.
This result is counterintuitive for users. It could be that food rationing is not only
related to food availability but also to the intrahousehold allocation of food and the

8 Table C.4 (Appendix C) presents the coefficients of the explanatory variables in the endogenous switch-
ing probit model for selected binary food security outcomes.
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amount of food stored may not be sufficient to prevent the use of food rationing as a
coping strategy. Households using improved storage technologies could also reduce
their harvest season consumption in order to raise consumption and also benefit from
price increases during the lean season (Basu and Wong, 2015).

Table 4.5: Treatment effects: Endogenous switching probit estimates

Outcomes
Treatment Effects

ATT ATU ATE MTE

Household food (in)security
Minimum acceptable diet 0.07 *** 0.06 *** 0.06 *** 0.05 ***

Self-reported food insecurity -0.20 *** -0.06 *** -0.09 *** -0.03 ***

Negative change in diet -0.89 *** -0.10 *** -0.27 *** 0.05 ***

Reduced food intake 0.13 *** -0.09 *** -0.04 *** -0.04 ***

Child growth
Child stunting -0.33 *** -0.05 *** -0.11 *** -0.08 ***

Child wasting 0.00 -0.01 *** -0.01 *** 0.00 ***

Note: ATT – Average Treatment Effect on the Treated, ATU – Average Treatment Effect on the Untreated,

ATE – Average Treatment Effect, and MTE – Marginal Treatment Effect; Bootstrapped standard errors;

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

We further estimate the impact of improved storage technologies on child nutri-
tional status as measured by the incidence of stunting and wasting. Interestingly, use
of improved storage technologies reduces the incidence of under-5 child stunting
by about 33 percentage points compared to the counterfactual scenario of non-use.
The reduction in child stunting among users can be realized through an increase in
the consumption of food from own production particularly during market failures
(Slavchevska, 2015). Improved storage technologies can reduce malnutrition by en-
suring food availability and access to food during the lean season when stocks are
depleted and food prices are high (Vaitla et al., 2009). The use of improved storage
technology does not have a significant impact on under-5 child wasting for user house-
holds. However, it would have reduced wasting by 1 percentage point for non-user
households had they decided to use improved storage technologies.

4.4.3 Comparing results across various estimation methods

Estimates from the ESR models are compared with estimates obtained using kernel-
based matching and IPW methods. Table 4.6 summarizes the average treatment effects
from the various techniques.
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Table 4.6: Comparing results from alternative specifications (ATT)

Outcomes ESR Kernel matching IPW

Dietary diversity score 0.25 *** 0.22 ** 0.24**

Minimum acceptable diet 0.07 *** 0.04** 0.04**

Per capita food consumption -0.01 0.10 ** 0.10**

Per capita total consumption 0.02 0.08* 0.08**

Self-reported food insecurity -0.20 *** -0.01 -0.01

Negative change in diet -0.89 *** 0.00 0.00

Reduced food intake 0.13 *** 0.04 0.04*

Child stunting -0.33*** -0.07* -0.06

Child wasting 0.00 -0.02 -0.02

Note: * p < 0.10, ** p < 0.05, *** p < 0.01

Overall, the results of the propensity score matching and IPW are fairly consis-
tent and are similar to ESR in the direction/sign of impacts. The results indicate that
improved storage technologies have a positive impact on food security and welfare.
However, estimates from propensity score matching and IPW are lower than ESR esti-
mates for most of the indicators. Propensity score matching and IPW are methods that
only account for selection on observables and they would understate the magnitude
of the effects leading to a downward bias than ESR which also accounts for unob-
served heterogeneity. In addition, the discrepancies in the magnitudes of the effects
could also imply that the ESR model is not as biased as the matching techniques.

4.5 conclusion

Improved storage innovations could be considered as climate smart technologies that
contribute to sustainable food production by reducing postharvest food loss and cli-
mate change mitigation. Using nationally representative data from Ethiopia, we an-
alyze the food and nutrition security and welfare impacts of improved storage tech-
nologies. We define improved crop storage technologies as technologies that enable
households to store crops for long periods of time with little or no storage loss and
quality deterioration. Following the approach by similar empirical studies, air tight
drums, metal silos, improved locally made structures and modern store are consid-
ered as improved storage technologies. Food and nutrition security is assessed using
objective and subjective measures such as dietary diversity score, per capita food con-
sumption expenditure, self-reported food insecurity, food related coping strategies
and child growth outcomes. Household welfare is measured using per capita total
consumption expenditure. Endogenous switching regression models are used to ac-
count for unobserved endogeneity and sample selection. The results from our main
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econometric models are contrasted with propensity score matching and inverse prob-
ability weighting methods.

Results of the study lead to the following main conclusions. First, improved stor-
age technologies positively affect food and nutrition security by increasing dietary
diversity and reducing negative changes in diet, self-reported food insecurity, and
child malnutrition. However, the effect on food rationing is positive. The positive im-
pacts on household dietary diversity and child growth suggest that improved storage
technologies are not only climate-smart but also nutrition-smart. Although we do not
find evidence of significant impact on food and total per capita consumption expen-
ditures, non-user households would have benefited had they used improved storage
technologies. Second, observed differences among user and non-user households gen-
erate heterogeneous effects on the outcomes across the two groups. In addition, the
study provides evidence regarding the barriers to and opportunities for improved
food storage technology use. Policy makers need to consider the role of access to
public infrastructure, finance, extension, irrigation and climatic factors in enabling or
hindering the use of improved food storage technologies. Increased access to institu-
tional support services such as extension, credit, and input supply should be a major
part of any effort aimed at promoting the use of improved storage technologies among
non-user households.

Future studies could extend the scope of the analysis by using carefully planned
household surveys that capture in-depth and detailed data on post-harvest losses,
timing and amounts of crop sales, costs and source markets of storage technologies,
whether storage technologies were promoted or donated, timing of adoption and
disadoption, and seasonal crop prices. Detailed information on storage technology use
and crop sales could deepen our understanding of the impact of storage technologies
on market participation as one of the channels through which welfare is attained. In
addition, future research can examine how the length of storage and amounts of crop
stored mediate the impact of improved storage technologies. We also recommend that
future studies investigate the impacts on price arbitrage.
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A P P E N D I X

Table C.1: Description and summary statistics of the main explanatory variables
Variables Description Nonusers (n=454) Users (n=1682)

Mean Std Dev Mean Std Dev t/χ2

Household characteristics

Male headed 1 if the head is male; 0 if female 81.0 81.6 -0.33

Age of head Age of the household head in years 46.00 14.69 47.60 14.81 -2.30 **

Household size Number of household members 5.29 2.24 5.42 2.21 -1.26

No education (head) 1 if the head has no education 69.25 61.65 3.46 ***

Primary education 1 if the head has primary education 27.4 33.6 -2.82 ***

Secondary education 1 if head has secondary education 1.4 2.4 -1.43

Post-secondary education 1 if the head has post-secondary education 1.0 0.9 0.15

Livestock holding (TLU) In tropical livestock units 3.49 4.09 3.37 3.09 0.72

Farm size (ha) Cultivated land in hectare 1.73 1.12 1.68 1.18 0.75

Asset index Asset index -0.11 1.65 -0.05 1.56 -0.86

Mobile ownership 1 if the head/household own a mobile 36.7 37.8 -0.51

Finance access 1 if has access to finance; 0 otherwise 23.8 24.7 -0.43

Non-farm enterprise 1 if owns a non-farm enterprise 7.4 5.7 1.46

Social transfers 1 if the household received; 0 otherwise 3.72 14.0 -6.89 ***

Private food transfer 1 if the household received; 0 otherwise 3.88 3.59 0.33

Private cash transfer 1 if the household received; 0 otherwise 8.78 8.95 -0.12

Distance to road Distance to major road in Kms 16.26 17.54 13.28 13.10 4.46 ***

Distance to market Distance to nearest market in Kms 63.82 49.60 73.13 43.05 -4.43 ***

Distance to admin. center Distance to administration center, Kms 157.23 112.57 166.90 95.18 -2.07 ***

Shocks and climatic factors

Production shock 1 if hh reports; 0 otherwise 4.68 4.73 -0.05

Market shock 1 if hh faces price hikes; 0 otherwise 12.2 10.1 1.41

Mean annual temperature 12 month average in ◦C 19.59 3.33 17.51 2.65 15.69 ***

Temp. the wettest quarter Mean temperature of the wettest quarter in ◦C 19.29 3.36 16.94 2.77 17.14***

Mean annual rainfall Average 12 months total RF in mm (in 00’s) 9.17 2.59 10.07 2.21 -8.38 ***

Rainfall of wettest quarter Rainfall of the wettest quarter in mm (in 00’s) 5.05 1.34 5.18 0.97 -2.62 **

Village level variables

Weekly market 1 if exist ; 0 otherwise 48.0 44.4 1.54

Cooperatives 1 if exist in the community; 0 otherwise 16.5 19.1 -1.42

Agriextension expert 1 if exist ; 0 otherwise 94.5 97.4 -3.48 ***

Irrigation scheme 1 if exist ; 0 otherwise 71.9 70.3 0.75

Note: * p < 0.10, ** p < 0.05, *** p < 0.01; Asset index is computed as the score along the first
principal component of a principal component analysis applied to households’ assets (including farm
implements, furniture, electronics, personal items and other assets). For binary outcomes, prevalence
rates (%) are reported.
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Table C.2: Drivers of improved storage technology use

Coeff. (Std. Er.r) APE (Std. Err.)

Male headed 0.024 (0.093) 0.007 (0.022)

Age of the head 0.009 (0.003) *** 0.002 (0.001) ***

Household size 0.018 (0.017) 0.004 (0.004)

Below primary education -0.102 (0.083) -0.014 (0.050)

Primary education 0.011 (0.050)

Secondary education or above -0.048 (0.194)

Farm size -0.050 (0.032) -0.012 (0.008)

Asset index 0.006 (0.025) 0.002 (0.006)

Livestock owned -0.010 (0.013) -0.002 (0.003)

Non-farm enterprise 0.193 (0.076) ** 0.046 (0.019) **

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

Distance to admin. center 0.001 (0.000) *** 0.000 (0.000) ***

Distance to market 0.005 (0.001) *** 0.001 (0.000) ***

Mobile ownership 0.008 (0.080) 0.002 (0.019)

Finance access 0.253 (0.080) *** 0.062 (0.019) ***

Social transfers -0.433 (0.154) *** -0.106 (0.034) ***

Private cash transfer 0.016 (0.130) 0.003 (0.030)

Private food transfer 0.025 (0.197) 0.006 (0.047)

Weekly market -0.318 (0.069) *** -0.077 (0.017) ***

Irrigation scheme 0.185 (0.085) ** 0.046 (0.021) **

Cooperatives 0.082 (0.093) 0.020 (0.021)

Agricultural extension expert 0.537 (0.194) *** 0.126 (0.044) ***

Production shock -0.093 (0.124) -0.022 (0.028)

Market shock 0.163 (0.113) 0.040 (0.027)

Mean annual temperature 0.123 (0.061) ** 0.030 (0.015) **

Temperature of wettest quarter -0.254 (0.059) *** -0.062 (0.014) ***

Mean annual rainfall 0.007 (0.002) *** 0.017 (0.006) ***

Rainfall of wettest quarter -0.005 (0.005) -0.014 (0.011)

Constant -0.249 (0.369)

Observations (N) 2,136 2,136

Note: Average partial effects (APE) reported; Standard errors in parentheses; * p < 0.10, ** p < 0.05, ***

p < 0.01.
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Table C.3: Endogenous Switching Regression estimation

Variables HDDS Food consumption Total consumption

Nonusers Users Nonusers Users Nonusers Users

Male headed 0.216** 0.019 0.086* -0.155** 0.065 -0.129*
(0.102) (0.184) (0.048) (0.076) (0.043) (0.070)

Age of the head -0.006 ** -0.010 0.003** 0.001 0.000 -0.001

(0.003) (0.010) (0.001) (0.002) (0.001) (0.002)
Household size 0.041** 0.005 -0.102*** -0.117*** -0.092*** -0.115***

(0.020) (0.040) (0.009) (0.017) (0.008) (0.015)
Below primary educ. -0.943*** -0.048 -0.155 **

(0.292) (0.090) (0.078)
Primary education -0.588** 0.267 0.105 0.061 -0.012 0.075

(0.292) (0.204) (0.089) (0.075) (0.077) (0.067)
Second. educ. or above 0.968** 0.332* 0.357**

(0.380) (0.188) (0.167)
Livestock owned 0.052*** 0.111*** 0.020*** 0.053*** 0.019*** 0.054***

(0.013) (0.028) (0.006) (0.012) (0.006) (0.011)
Farm size 0.100** -0.000 0.059*** -0.000 0.046*** -0.007

(0.039) (0.073) (0.017) (0.029) (0.015) (0.026)
Asset index 0.251*** 0.124 0.038*** 0.067*** 0.055*** 0.085***

(0.038) (0.078) (0.012) (0.025) (0.011) (0.022)
Non-farm enterprise 0.161* 0.009 0.057 -0.035 0.070 * -0.055

(0.093) (0.190) (0.042) (0.064) (0.037) (0.057)
Mobile ownership 0.328*** 0.583*** 0.150*** 0.033 0.165*** 0.054

(0.097) (0.182) (0.042) (0.072) (0.038) (0.062)
Distance to road 0.002 -0.013* 0.003* -0.003 0.003** -0.004

(0.003) (0.007) (0.001) (0.003) (0.001) (0.002)
Weekly market 0.245*** 0.063 -0.037 0.150** -0.029 0.145**

(0.086) (0.286) (0.036) (0.069) (0.031) (0.062)
Distance to market -0.002** 0.001 -0.003*** -0.001 -0.003*** -0.001

(0.001) (0.004) (0.000) (0.001) (0.000) (0.001)
Distance to admin. center -0.000 -0.001 -0.000* 0.001 -0.000* 0.000

(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)
Production shock -0.144 -0.702*** 0.030 -0.133 0.034 -0.113

(0.121) (0.237) (0.052) (0.107) (0.045) (0.093)
Market shock -0.270** 0.128 0.057 0.076 0.063 0.038

(0.130) (0.272) (0.052) (0.106) (0.046) (0.095)
Mean annual temperature -0.151** -0.263 0.030 -0.050 0.029 -0.016

(0.071) (0.168) (0.030) (0.058) (0.027) (0.052)
Temp. of wettest quarter 0.172** 0.372 -0.001 0.048 -0.004 0.023

(0.068) (0.236) (0.030) (0.056) (0.026) (0.050)
Mean annual rainfall 0.019*** 0.013 0.001 0.002 0.001 0.000

(0.003) (0.008) (0.001) (0.002) (0.001) (0.002)
Rainfall of wettest quarter -0.032*** -0.045*** -0.014*** -0.022*** -0.012*** -0.018***

(0.005) (0.011) (0.002) (0.005) (0.002) (0.005)
Irrigation scheme 0.127 0.347 0.056 0.182** 0.052 0.166**

(0.097) (0.286) (0.044) (0.072) (0.040) (0.065)

(table continued on next page)
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Table C.3 . . . continued

Variables HDDS Food consumption Total consumption

Nonusers Users Nonusers Users Nonusers Users

Cooperatives 0.080 -0.055 -0.029 0.001 0.007 -0.009

(0.113) (0.205) (0.044) (0.078) (0.038) (0.069)
Finance access -0.276** -0.513* 0.063 -0.135** 0.046 -0.204***

(0.115) (0.264) (0.046) (0.066) (0.041) (0.060)
Social transfers -0.109 -0.707 -0.077 -0.421*** -0.102** -0.358**

(0.126) (0.524) (0.054) (0.144) (0.049) (0.146)
Private cash transfer 0.349** 0.470* 0.073 -0.058 0.100* -0.029

(0.143) (0.271) (0.062) (0.136) (0.055) (0.117)
Private food transfer 0.142 -0.310 -0.098 0.017 -0.118** 0.060

(0.243) (0.361) (0.079) (0.161) (0.071) (0.153)
Constant 5.378*** 6.302*** 5.803*** 6.909*** 6.456*** 7.344***

(0.494) (1.172) (0.185) (0.374) (0.162) (0.347)
Model diagnosis
Wald χ2

443.78*** 374.54*** 459.79***
σi 1.57 *** 1.66 *** 0.68 *** 0.63 *** 0.61 *** 0.56 ***

(0.03) (0.48) (0.02) (0.03) (0.02) (0.02)
ρi -0.11 -0.60 0.09 0.02 0.10 -0.07

(0.17) (0.48) (0.11) (0.11) (0.09) (0.09)

Observations 2136 2136 2136

Note: Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.4: Switching probit estimation (selected outcomes)

Food insecurity Minimum acceptable diet

Users Nonusers Users Nonusers

Male headed -0.221 (0.232) -0.477*** (0.132) -0.926* (0.491) -0.075 (0.148)
Age of the head 0.020*** (0.007) 0.006 (0.004) 0.004 (0.007) -0.002 (0.004)
Household size 0.181*** (0.050) 0.084*** (0.026) -0.013 (0.058) 0.078*** (0.027)
Below primary education 0.663* (0.372) 0.006 (0.533)
Primary education 0.614*** (0.231) 0.688* (0.366) 0.341 (0.329) 0.336 (0.544)
Second. educ. or above -0.554 (0.664) 7.216*** (0.726)
Livestock owned -0.226*** (0.053) -0.042* (0.023) 0.088* (0.052) 0.023 (0.017)
Farm size -0.247** (0.120) -0.311*** (0.090) 0.294* (0.159) 0.080 (0.059)
Asset index -0.053 (0.086) -0.121 (0.106) 1.298*** (0.358) 0.360** (0.147)
Non-farm enterprise 0.457** (0.206) 0.084 (0.144) -0.472 (0.295) 0.016 (0.154)
Mobile ownership 0.102 (0.232) 0.095 (0.134) 0.039 (0.386) -0.009 (0.160)
Distance to road -0.000 (0.009) -0.010** (0.004) -0.014 (0.010) 0.007* (0.003)
Weekly market 0.375 (0.254) 0.105 (0.159) -0.617** (0.252) 0.223* (0.119)
Distance to market 0.011*** (0.003) 0.005*** (0.002) 0.000 (0.004) -0.006*** (0.001)
Distance to admin. center 0.001 (0.001) 0.001 (0.001) -0.002 (0.002) 0.000 (0.001)
Production shock 0.720** (0.300) 0.417*** (0.154) -1.287*** (0.386) 0.025 (0.169)
Market shock 0.492* (0.279) 0.571*** (0.176) 0.386 (0.342) -0.549*** (0.194)
Mean annual temperature 0.227 (0.166) 0.380*** (0.100) -0.314 (0.228) -0.117 (0.108)
Temp. of wettest quarter -0.359** (0.160) -0.385*** (0.085) 0.252 (0.243) 0.174* (0.105)
Mean annual rainfall -0.004 (0.008) 0.002 (0.005) 0.053*** (0.011) 0.034*** (0.006)
Rainfall of wettest quarter 0.044*** (0.017) 0.004 (0.008) -0.079*** (0.019) -0.059*** (0.010)
Irrigation scheme -0.039 (0.233) 0.027 (0.143) 0.770** (0.348) 0.369** (0.154)
Cooperatives 0.022 (0.272) -0.685*** (0.193) -0.046 (0.353) 0.214 (0.170)
Finance access 0.395 (0.241) 0.409*** (0.132) -0.683* (0.349) -0.405** (0.162)
Social transfers -0.560 (0.499) 0.114 (0.180) -0.900* (0.466) 0.031 (0.174)
Private cash transfer 0.667** (0.320) -0.092 (0.194) 8.213*** (0.860) -0.004 (0.224)
Private food transfer 0.650* (0.385) 0.513* (0.266) 1.279 (0.841) 0.099 (0.281)
Constant -4.182*** (1.053) -2.436** (0.967) 3.020** (1.418) -0.117 (0.704)
Wald χ2

201.98*** 201.61***
ρij 0.408 (0.4719) 0.505 (0.491) 0.200 (0.519) -0.190 (0.154)

Observations 2136 2136

Note: Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.5: Test on the validity of the selection instrument (parameter estimates)

(1) (2) (3) (4)

Variables Improved storage HDDS MAD Change in diet

Agri. extension 0.514*** -0.036 -0.208 0.337

(0.179) (0.187) (0.282) (0.212)

Other controls YES YES YES YES

Constant -0.274 4.934*** 1.172* -1.748***

(0.399) (0.402) (0.672) (0.467)

Wald test 289.71 *** 223.39 *** 173.40 ***

F 18.47 ***

Observations 2,136 1,682 1,682 1,682

Note: (1) Probit model (Pseudo R2 =0.16); (2) HDDS – Household dietary diversity score, Ordinary
least squares (R2 =0.23). (3) MAD - Minimum Acceptable Diet, Probit model (Pseudo R2 = 0.19); (4)
Probit model (Pseudo R2 = 0.11); * p < 0.10, ** p < 0.05, *** p < 0.01; Standard errors in parentheses.
All control variables are included in the models but parameters are not reported to save space.)

Table C.6: Additional tests for the exclusion restriction

Test Null hypothesis/Test type Test results

Durbin test Exclusion instrument is exogenous F=0.003, p=0.962

Wu–Hausman test Exclusion instrument is exogenous F=0.002, p=0.962

Wooldridge’s score test Exclusion instrument is exogenous χ2 = 0.003, p = 0.959

Anderson canonical correlation statistic Underidentification LR=8.32, χ2
p = 0.004

Cragg-Donald statistic Underidentification χ2 = 8.16, p = 0.004

Anderson–Rubin’s Weak instrument robust test χ2 = 0.01, p = 0.914
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Figure C.1: Common support conditions

Table C.7: Matching quality test

Sample Pseudo R2 LRχ2 P > χ2 Mean standardized bias Total bias reduction(%)

Before matching 0.169 373.0 0.000 19.2 89.6%

After matching 0.004 5.1 1.000 2.0

Table C.8: Sensitivity analysis: Rosenbaum bounds (rbounds) and Mantel-Haenszel (MH)
bounds

Outcomes rbounds mhbounds

sig+ sig− p+mh p−mh

Household dietary diversity score 1.10 >3

Minimum acceptable diet 1.5-2.0,>3 >3

Per capita food consumption 1.20 >3

Per capita total consumption 1.15 >3

Child stunting 1,>3 1, >3

Note: Gamma: Odds of differential assignment due to unobserved factors
sig+ : upper bound significance level
sig− : lower bound significance level
p+mh : Significance level (assumption: overestimation of treatment effect)
p−mh : Significance level (assumption: underestimation of treatment effect)
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S Y N T H E S I S

5.1 concluding remarks

With the impacts of climate variability and extremes becoming sharper and popula-
tion continuing to grow rapidly, the agricultural and food systems in SSA continue
to struggle to feed the surging population, to improve nutrition and to contribute to
poverty alleviation. A considerable number of people in the region still find them-
selves in rural areas and rely on agriculture for their livelihoods. Due to their vul-
nerability to weather and related shocks, they are plagued by a huge burden of food
insecurity, malnutrition and persistent poverty. While there seems to be an interest to
extol adoption of the Green revolution (RG) inputs as a solution to spur agricultural
growth and poverty reduction, the distinct nature of the farming system in SSA and
current challenges urge the need for a different innovation approach to agriculture.
Climate-smart agricultural practices and technologies are being viewed as feasible op-
tions to surmount the constraints of conventional production systems and enhance
food and nutrition security, promote sustainable diets and reduce the risk of sliding
into poverty.

In this dissertation, we investigate the welfare and risk management impacts of
three climate-smart land and crop management innovations: conservation agriculture,
crop diversification and improved crop storage. Specifically, in this dissertation, we ad-
dress three research objectives. First, we assess the poverty-reducing effect of conser-
vation agriculture (CA) in rural Ethiopia. Second, we analyze the household welfare
and risk coping effects of crop diversification in Uganda. Lastly, we investigate the im-
pact of improved crop storage methods on food security and welfare in Ethiopia. In
relation to the three objectives, we also investigate the drivers of households’ decision
to use these innovations.

This chapter summarises the main findings of the study and highlights the contri-
bution of each chapter to different strands of the literature. It also discusses the policy
implications of the study findings. Finally, it discusses the caveats of the study and
suggests potential avenues for future research.
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5.2 main findings

In chapter 2, we empirically analyze the impact of CA on poverty in rural Ethiopia. To
elucidate the potential pathways through which CA affects rural poverty, we assess
the impacts of CA on crop productivity, cost of production and downside risk. CA is
among the globally promoted climate-smart practices. Evidence from agronomic and
economic studies demonstrates that CA enhances soil health, increases and stabilises
crop yields, reduces production costs and contributes to food security and climate
resilience. We investigate the impact of CA on poverty, an area less explored in the
literature. While there are few studies that explore the link between CA adoption
and rural poverty, they rely on cross-sectional data, focus on a single CA practice do
not disaggregate the impacts by CA practices. The chapter contributes to the emerg-
ing literature in many aspects. Firstly, we investigate the main factors that determine
households’ decision to use CA practices in isolation and in combination using geo-
referenced panel survey data that is representative of rural Ethiopia. With this, we
try to address the empirical puzzle of low and unstable adoption of a combination
of CA practices in SSA despite their theorized benefits. Secondly, we disaggregate
the impacts of CA on poverty across different rainfall endowment and wealth groups.
Third, we apply panel endogenous regression model in a polychotomous technology
choice setting that helps us produce credible estimates after accounting for farmer
heterogeneity.

The findings show that households use CA in response to climate anomalies and
poor soil fertility. Important finding is that minimum tillage, cereal–legume intercrop-
ping and their combination are economically attractive in many circumstances. More
important, the combined use of minimum tillage and cereal–legume intercropping is
the most attractive CA option that reduces the incidence and extent of rural poverty.
This CA package also increases crop income, reduces the cost of production and mit-
igates the risk of crop failure. Furthermore, these CA practices have higher poverty
reducing benefits in areas that experience rainfall stress and among poor households
positioned at lowest quartile of the landholding distribution. This provides evidence
that CA has the potential to mitigate risk in environments characterised by increased
weather risk. This insight also provides a way forward for increased promotion of
minimum tillage, cereal–legume intercropping and their combination in those en-
vironments. However, crop residue retention and its combined use with minimum
tillage do not appear to be attractive CA options for Ethiopian farmers. They rather
tend to increase the likelihood of being poor particularly in areas with abundant rain-
fall and for relatively rich households. This suggests that the low adoption rate of
these CA practices could explain a rational behaviour of farm households at least in
the short run. We conclude with the assertion that CA promotion in Ethiopia needs
not to be rigid. Overall, we make contributions to the CA literature with important
policy implications for the design, targeting and promotion of CA.
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5.2 main findings

Pieces of evidence demonstrate that, in the aftermath of the Green Revolution (GR),
there had been an increased promotion of farm specialization towards a few staple
crops as a strategy to spur agricultural growth and enhance food security. Experi-
ences from SSA and other developing countries show that reliance on mono-cropping
practices has compounded the problems of soil fertility depletion, food and income in-
security and consumption risk. This is attributed to the decline in crop diversity that
resulted from reliance on a few staple crops, which in turn exposes households to
price shocks and climate change risks. There is now a resurgence of interest in diversi-
fication. This has also attracted many studies on the economics of crop diversification.
While there are many seminal works that link crop diversity with risk, the relation-
ship between crop diversity and household welfare is less studied. Likewise, there is
paucity in the literature regarding the relationship between households’ decision in
the use of ex-ante risk management strategies and ex-post risk coping or consumption
smoothing mechanisms. To contribute to the literature, in chapter 3, we investigate
the household welfare and risk coping effects of crop diversity in rural Uganda. Crop
diversity is measured using various indices that help to capture the scope and extent
of crop diversity. Household welfare is measured using consumption expenditure (a
flow measure) and diet diversity (a stock measure). The empirical methodology ap-
plied is a panel data instrumental variables method that helps us to tackle unobserved
heterogeneity and reverse causality.

The results show that climatic factors and market access significantly affect the
degree of crop diversity maintained by households. The primary finding is that in-
creasing crop diversity is associated with an increase in diet diversity. This suggests
that diversified crop production could be a promising strategy to enhance food and
nutrition security. Crop diversity has positive and significant effect on per adult equiv-
alent consumption. Using a quantile regression, we find that crop diversity increases
consumption for the poor segment of the rural sample with low consumption more
than for the high consuming households. This finding helps to elucidate crop diver-
sity as a potential path out of poverty for the rural poor. The study also shows that
households that diversify crop production (self-insurance) are less likely to rely on the
solidarity of their friends and relatives (informal insurance) to smooth their consump-
tion ex-post shocks. However, the impact on risk coping through involuntary changes
in diet is modest. The results suggest that crop diversity reduces rural households’
use of less effective and adverse risk coping or consumption smoothing strategies. As
a departure from existing claims that crop diversification would improve risk man-
agement at the cost of reduced welfare, our study demonstrates that crop diversity
can help households balance the goals of risk management and welfare improvement.
The chapter contributes to the development economics literature that links production
and risk management decisions with household welfare and consumption smoothing
in the context of market imperfections or missing markets.
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Crop or food storage decisions by rural households in developing countries are
primarily driven by consumption smoothing and temporal price arbitrage motives.
Seminal works in this field also demonstrate that the consumption smoothing motive
is a stronger determinant of crop storage decisions. However, rural households often
do not benefit from crop storage due to the high risk of storage losses. Postharvest
losses, therefore, would significantly affect food and nutrition security and welfare
of households who lack access to improved storage technologies. In chapter 4, we
analyse the impact of improved crop storage technology use on household nutrition,
food security, consumption expenditure and child growth in rural Ethiopia. Using
endogenous switching regression methods, we find evidence that use of improved
crop storage methods increases household diets, lessens self-reported food insecurity
and reduces the risk of child stunting. We conclude that promoting increased use of
food storage innovations plays a key role in increasing food and nutrition security.

In sum, the dissertation provides evidence that cereal–legume intercropping, min-
imum/reduced tillage, crop diversification and improved food storage methods are
climate-smart agricultural innovations that could potentially improve household wel-
fare. They could also improve the risk management capacity of farm households by
reducing the risk of crop failure and decreasing reliance on less effective food insecu-
rity and risk coping mechanisms. The findings suggest that adoption of these climate-
smart innovations is crucial to adapt to climate change, alleviate rural poverty and
reduce hunger. Likewise, improving infrastructure, extension, and access to credit are
necessary to encourage adoption of these climate-smart practices and technologies.
Taken together, the chapters in the dissertation made important contributions to the
different but related strands of the literature on climate change adaptation, household
welfare and risk management.

5.3 policy recommendations

The results from this dissertation unambiguously show that the three climate-smart
innovations have the potential to increase food security, agricultural productivity and
household well-being. This suggests that increased promotion of these agricultural
innovations is inevitable. However, this process demands making such innovations
accessible and work for the poor. Poor and food insecure farmers often find it hard
to innovate and invest in better management systems because of many challenges
they faced. First, they are often engaged in finding food for self-sufficiency. Second,
resource-poor farmers often lack access to markets and capital that limit their ability
to innovate and raise their income. Therefore, targeting climate-smart innovations for
the poor needs to prioritize alleviating the various constraints they face and facilitate
incentives to impulse them take-up remunerative innovations.

Minimum tillage, cereal–legume intercropping and their combination are found to
be the CA practices that reduce the incidence and extent of rural poverty in Ethiopia.
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However, crop residue retention and its combined use with minimum tillage are
found to be unattractive CA options. The findings suggest that agricultural research
and extension organizations need to be cautious while promoting CA. Thus, increased
promotion of CA practices with considerable economic benefits deserves a policy pri-
ority. This is particularly important given a significant farm heterogeneity in terms of
resource endowments, exposure to weather and biophysical conditions. Nonetheless,
many CA practices provide higher economic benefits to farmers only after consider-
able time. Resource poor households that are labour and credit constrained might find
it difficult to invest in CA practices that require labour and incur substantial costs that
must be borne before the benefits are reaped. Thus, such innovations could be less at-
tractive to poor farmers who have higher discount rates and present bias. Therefore,
wider scale adoption of CA demands improved access to financial resources, capacity
building and knowledge and policy support.

Climate-smart innovations such as CA are also knowledge-intensive. Thus, creating
knowledge platforms where farmers can learn about such innovations could be a pri-
ority for promoting the innovations. There are many options through which farmers
can learn about climate-smart solutions for the problems they face. One is educating
farmers about the real impacts of climate change and conventional farming. This will
compel farming households to reduce their reliance on unsustainable farming prac-
tices and increase use of climate-smart practices to increase food production in the
face of environmental risks. Formation of knowledge exchange forums such as agri-
culture innovation platforms is important to bring climate-smart technologies and
practices to farmers’ attention. This includes creating stages for farmers to learn from
successful farmers, demonstrations, scientists, and experimentation. Government ex-
tension is the primary source of information for innovations in rural Africa. Hence,
strengthening the extension system and other capacity development programs such as
education, training and nutrition knowledge would help farmers reap higher welfare
benefits from climate-smart innovations.

The positive and significant impacts of crop diversity on household welfare and
risk management suggest that policies should be directed to encourage and increase
crop diversity. Developing effective policies for household welfare improvement and
risk management needs to give attention to promoting and extending services that en-
courage crop diversification. Likewise, appropriate governance, policies and national
implementation are called for enhancing crop diversity conservation. The findings
provide useful insights for policies that aim to help households mitigate food insecu-
rity and adapt to climate change through diversification of crop production. Results
from the drivers of crop diversification suggest that promoting crop diversification
in areas with less access to markets and low rainfall would be effective to improve
welfare and risk management in these areas. Furthermore, agricultural production di-
versity can complement health-related interventions that aim to tackle malnutrition
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and the risk of hidden hunger in SSA. This implies that aligning agricultural and
health policies would help generate better benefits from agricultural diversification.

This study finds that improved crop storage technologies contribute to household
diet diversity, reduce food insecurity and the risk of child stunting. However, these
technologies are capital intensive and their use could be a challenge for poor and
credit-constrained households. Improving farmers’ access to credit and information
sources could play a crucial role to facilitate investment in improved storage tech-
nologies. This demands development of rural financial markets including credit and
savings markets. In addition to improving access to credit and information, improv-
ing farmers’ skills as well as their access and awareness of improved food storage
technologies would prove higher benefits.

5.4 study limitations

The caveats of the study are important. The major limitation of this study is related to
lack of relevant data to conduct in-depth analysis. Because the LSMS-ISA is a multi-
topic survey not planned to undertake a detailed analysis on a specific topic, there
is no adequate data regarding prices of commodities and post-harvest loss informa-
tion. Lack of relevant data limits investigation of the drivers and welfare impacts of
improved food storage use in detail. Due to data limitations, the empirical link be-
tween CA and household poverty also lacks the required detail and scope. Another
limitation of the study is related to the way CA use is defined. From sustainable in-
tensification perspective, estimating the impact of CA adoption intensity on poverty
would be interesting. However, the present study adopts a binary measure for the CA
practices. The short panel data we have also compelled us not to do a detail analysis
of the dynamics in climate-smart innovations use and the welfare metrics.

Despite these caveats and limitations, we provide important contributions to the
current economics literature and contemporary policy discussions. The choice of the
study countries is partly driven by data availability. Nevertheless, the findings and
conclusions of this study could be generalizable to other countries with similar envi-
ronments. This study is also limited in scope. Although it addresses only the bound-
ary markers of several microeconomic challenges facing rural households in SSA, it
should be emphasized that there is always more detail within this border.

5.5 areas for future research

The research here can be extended in various ways. In chapter 2, we investigate the im-
pact of CA on rural poverty and elucidate potential pathways. Assessing the impact of
the intensity of CA is also interesting. Furthermore, exploring the drivers and impact
of farmer’s switching in and out of CA adoption would be interesting. Investigating
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the impact of CA on nutrition outcomes would also be interesting idea. The study can
also be extended by investigating the effectiveness of other modern farm inputs such
as chemical fertiliser under CA to test if CA improves fertiliser use and the resulting
impact on farm productivity. We measure poverty using consumption metrics. How-
ever, it is crucial to look beyond such consumption metrics and consider indicators
that could capture multidimensional poverty and subjective measure of well-being.

The link between crop diversity and household welfare can also be extended in sev-
eral ways. Our finding reveals that crop diversity increases consumption expenditure
and household diet diversity. However, a policy focus on the increased promotion
of crop diversification would discourage the adoption of modern agricultural inputs
such as fertiliser. Therefore, assessing the impact of crop diversification on agricul-
tural input use and the resulting effect on farm productivity deserves further research.
Furthermore, analyzing potential complementarity between agricultural production
diversity and health-related interventions in relation to their impact on malnutrition
and the risk of hidden hunger would be interesting from a policy viewpoint.

The study on the impacts of improved crop storage technologies can also be ex-
tended. Looking into the demand side determinants of improved storage technology
adoption using demand valuation methods and experimental designs would help
increase our understanding of the drivers of demand for improved crop storage.
Another focus for further research would be a comprehensive investigation of the
consumption smoothing and price arbitrage effects of improved storage technologies.
Moreover, analysing the impact of improved crop storage technologies on shifts in
resource allocation, climate change mitigation and market price stabilization would
be of paramount importance for policymaking.
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In accordance with article 23.5 of the “Regulation governing the attainment
of doctoral degrees at Maastricht University” decreed by resolution of the
Board of Deans, dated 3 July 2013, this chapter on addendum discusses
the valorization opportunities of this doctoral thesis.

The dissertation seeks to increase our understanding of the microeconomic chal-
lenges facing rural households in Sub-Saharan Africa (SSA). It comprises three essays
that investigate the decisions agricultural households make in crop and land manage-
ment, crop portfolio choices and postharvest storage to cope with economic and envi-
ronmental risks and improve their welfare. Understanding the relationship between
the choices of agricultural households in the production process and their welfare can
help us better understand the economic growth constraints in the region. The study
employs empirical strategies backed by theoretical foundations that help us identify
causal relations. The findings have important contributions to the literature and pro-
vide relevant policy recommendations that could assist rural households on their path
to development.

Rural households in SSA face food crisis of many dimensions including malnutri-
tion, poverty, and food insecurity. They are also at the front lines of climate variability
and extremes that exacerbate food insecurity and poverty. These households are also
burdened by the challenges of low soil fertility and postharvest loss. In a disconcert-
ing paradox, they are pushed out of the credit and insurance markets. As a result,
they are unable to adapt to and cope with shocks. As a result of these interlinked
challenges, promoting economic growth and poverty reduction in the region becomes
a daunting task. What is most striking is that nearly three-quarters of the poor people
still live in rural areas and work in agriculture. Due to the sheer number of people
employed in agriculture and limited non-farm employment opportunities, agriculture
continues to be the most important sector of focus in SSA.

Conventional wisdom holds that growth in agricultural productivity is central to
alleviating poverty, reducing malnutrition and improving food security in developing
countries. Despite this enthusiasm, climate change and rising demographic pressures
in SSA are putting pressure on the capacity of agriculture to meet the growing de-
mand for food and to raise rural incomes. The challenge to do so also lies in the fact
that the natural resource base that supports agriculture is significantly constrained
and degraded. As a panacea to the old input-intensive production systems, sustain-
able intensification and climate-smart agricultural practices are being promoted as
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a way forward for future productivity growth and to aid sustainable and inclusive
development in SSA.

This dissertation investigates the impacts of three climate-smart innovations, con-
servation agriculture, crop diversity and improved crop storage on household welfare
and risk management. The primacy of the policy contribution of the study is that
the essays in the dissertation have a strong link with the discussion of the Sustain-
able Development Goals (SGDs), particularly goal 1, 2 and 13. The findings of the
study provide evidence that climate action in agriculture (goal 13) through climate-
smart innovations will help to reduce poverty and combat hunger (goals 1 and 2).
The empirical strategies employed in the dissertation enable us to address common
econometric challenges and produce credible estimates. Our study provides impor-
tant insights for policy makers, agricultural policy advisors, as well as researchers in
the field of agricultural and development economics.

As Schultz puts it during his lecture to the memory of Alfred Nobel in 1979, we
could best know about the economics of being poor if we knew the economics of
agriculture because most of the poor people are employed in agriculture. With this
thrust, in chapter 2, we investigate the potential of conservation agriculture (CA), a
climate smart and sustainable agricultural practice, to reduce the incidence and ex-
tent of poverty in rural Ethiopia. The findings from the study suggest that combined
use of minimum tillage and cereal-legume intercropping is a promising technology
to increase agricultural performance, mitigate risk of crop failure and reduce rural
poverty. From policy perspectives, promoting minimum tillage and cereal-legume in-
tercropping would mark a path forward for alleviating poverty in regions facing envi-
ronmental risks. The study provides important evidence for policy initiatives that aim
at reducing rural poverty which is at the forefront of the Sustainable Development
Goals (SDGs).

In chapter 3, we assess the economic impacts of crop diversification on household
welfare and risk coping in Uganda. While the discussion of the economics of spe-
cialization versus diversification has a long history in applied economics and related
disciplines, the debate remains important in recent works. The findings from the study
show that crop diversification improves household diets and increases consumption
expenditure. An interesting finding is that crop diversification improves consumption
for poor households compared to richer households. Furthermore, farmers’ risk man-
agement decision in the form of crop diversification reduces the need for reliance on
external help as a risk coping mechanism in the event of shocks. Our finding suggests
that increased crop diversity would be more important to enhance food security and
improve household welfare. Therefore, policies need to encourage crop diversity than
farm-level specialization towards few staple crops to spur growth in agriculture.

Economic theory asserts that rural households in developing countries that face
uncertainty and incomplete insurance markets use various mechanisms to smooth
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consumption and stabilize utility. Liquidity constrained households engage in self-
accumulation of assets in the form of crop or food storage as a measure of ex-post con-
sumption smoothing. In chapter 4, we investigate how improved crop storage meth-
ods affect food and nutrition security, consumption expenditure and child growth in
Ethiopia. We find evidence that improved storage innovations generate benefits both
at the household and individual (child) levels. The findings have policy implications
for crop loss mitigation, enhancing food and nutrition security and climate change
adaptation.

To recap, the findings of the study will support the development of climate smart
policies that would emphasize incentives and capabilities to encourage improved
decision-making at the farm household level. The evidence could be of interest to
policy makers and other stakeholders at different levels. The research will be avail-
able to governments, researchers and policymakers through various means. Prelim-
inary findings of chapter 2 were presented at Cornell University in July 2017 and
at the Structural Transformation of African Agriculture and Rural Spaces (STAARS)
workshop in Abidjan (Côte d’Ivoire) at the African Development Bank (AfDB) Head-
quarters in December 2017. Chapter 4 is already published in the Journal of Food
Policy as “Tesfaye, W. & Tirivayi, N. (2018). The impacts of postharvest storage inno-
vations on food security and welfare in Ethiopia. Food Policy, 75(100), 52–67”. The link
between climate risks, climate-smart innovations and welfare in SSA is an active area
of research. We also suggest future research avenues that could expand the present
study.
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